University of Memphis

University of Memphis Digital Commons
Electronic Theses and Dissertations
7-22-2016

The Influence of Area, Groundwater, Climate, and Soil Properties
on Tree Species Richness in the Southeastern United States
Alison Paula Lang

Follow this and additional works at: https://digitalcommons.memphis.edu/etd

Recommended Citation
Lang, Alison Paula, "The Influence of Area, Groundwater, Climate, and Soil Properties on Tree Species
Richness in the Southeastern United States" (2016). Electronic Theses and Dissertations. 1475.
https://digitalcommons.memphis.edu/etd/1475

This Thesis is brought to you for free and open access by University of Memphis Digital Commons. It has been
accepted for inclusion in Electronic Theses and Dissertations by an authorized administrator of University of
Memphis Digital Commons. For more information, please contact khggerty@memphis.edu.

THE INFLUENCE OF AREA, GROUNDWATER, CLIMATE, AND SOIL
PROPERTIES ON TREE SPECIES RICHNESS IN THE SOUTHEASTERN UNITED
STATES
by
Alison P. Lang

A Thesis
Submitted in Partial Fulfillment of the
Requirements for the Degree of
Master of Science

Major: Earth Sciences

The University of Memphis
August 2016

ACKNOWLEDGMENTS
I would like to extend a special thank you to Dr. Youngsang Kwon for his patience,
guidance, and support in helping me in this endeavor. I would like to thank my committee
members, Dr. Jennifer Mandel and Dr. Dorian Burnette, for their insight and assistance. I wish to
thank everyone at the Center for Applied Earth Science and Engineering Research, specifically
Dr. Brian Waldron and Scott Schoefernacker, for their support. Lastly, I would like to thank all
of my friends and family for their continued support throughout this process.

ii

ABSTRACT
The underlying factors that regulate species biodiversity gradients have been a major
topic of debate as there is no single mechanism that can explain all the biodiversity patterns seen
across the globe. The southeastern region in the United States exhibits an unusual trend of
decreasing tree species richness from higher to lower latitudes on the Florida peninsula. This
trend contradicts the widely marked latitudinal diversity gradient where species richness is
highest in tropical zones and decreases towards extratropical regions. This study aims to identify
the environmental factors that prompt this atypical gradient seen in tree species richness
calculated from the USDA Forest Service’s Forest Inventory and Analysis database. Differences
in the environmental conditions on the peninsula relating to forested area, groundwater, soil, and
climatic properties were examined to model tree species richness. A LASSO regularization
generalized linear model with Poisson distribution was utilized to extract subsets of the most
influential variables to predict species richness in the region. One subset contained six variables;
forested area, depth to water table, available water storage, hydrologic group, temperature
seasonality, and the Standardized Precipitation Index for 1999-2004. The second variable group
contained twelve explanatory variables; mean temperature, annual precipitation, precipitation
seasonality, Standardized Precipitation Index for 1994-1999, and the Standardized Precipitation
Evapotranspiration Index for 1994-1999 and 1999-2004 in addition to the six listed in the first
subset. The first subset produced a predicted values map with an R2 value of 0.6917. The second
subset, with an additional six variables, produced a prediction map with a slightly higher R2
value of 0.7075. Temperature seasonality and forested area demonstrated the strongest potential
in predicting tree species richness and accounting for the inverse richness gradient seen in tree
species richness on the Florida peninsula.
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INTRODUCTION
1.1 Species Richness in the Southeastern U.S.
The study and explanation of species biodiversity has fascinated researchers for centuries.
Species biodiversity depends on a variety of influences such as scale of observation, evolutionary
influences, inter- and intraspecific interactions, and environmental factors (Rahbek, 2008;
Rohde, 1992; Dobzhansky, 1950; Hawkins et al., 2003). The species richness - the count of
distinct species within a defined area - provides a broad understanding of how many different
species are sustained in a given area. Although used interchangeably, the term diversity is
different to richness as diversity takes into account the species richness and abundance of
individuals within each species. While both measurements are widely used to help quantify
biodiversity, forest health, and productivity, trends in species richness reveal habitats or
landscapes that are better suited or better able to support diverse ecosystems. Species richness
was chosen as the biodiversity variable in this research on diversity gradients of tree species in
the southeastern United States.
Figure 1 shows four maps which all measure species richness at differing scales and from
different datasets. The four maps reveal a trend of high species richness in the mid-eastern
United States, around the Appalachian Mountains, and a decline in richness within the Florida
peninsula. The highest richness in Figure 1 A is centered at the juncture of Florida, Alabama, and
Georgia while Figures 1 B, C, D show the highest areas of richness lie within the middle region
of the eastern half of the United States. Figure 1A is composed of overlapping Elbert Little’s
digital representation of tree distribution maps (Little, 1971; Jenkins et al.,2015). The map shows
where the potential highest tree richness is located, not necessarily where the highest tree
richness is observed by overlapping the estimated boundaries of species. The remaining three
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figures all use the Forest Inventory and Analysis (FIA) dataset, the USDA Forest Service’s
continuous annual forest inventory, to map observed richness at different scales. The FIA
provides current distributions of tree species as a results of regular, standardized field sampling
methods while Little’s maps from the 1970s only provide the estimated boundaries. Fan and
Waring (2009) mapped the richness of the eastern US by 1,000 km² grid cells (Figure 1B) and
found low tree richness in Florida that mirrored the low richness found in Minnesota. The two
areas have vastly different climates and landscapes which makes this similarity surprising. The
richness value calculated by individual FIA plots is seen in Figure 1C by Watson et al. (2015),

Figure 1: Tree species richness calculated by different methods and scales for the United States.
The potential species richness determined by overlapping native tree species’ distribution maps
(A, Jenkins et al., 2015). The FIA richness measurements are mapped by a 1000 km² grid (B,
Fan and Waring, 2009), by individual plots (C, Watson et al., 2015), and averaged across
ecoregions (D, Potter, 2008).
2

also shows extremely low richness in the Florida peninsula. In Figure 1D, Potter (2008)
delineated the FIA plots into ecoregions and calculated the average species richness within each
ecoregion. The species richness in the southeastern United States contains regions of high and
low richness. The ecoregions located on the Florida peninsula and Atlantic coast reveal lower
richness than ecoregions further inland. Figure 1 B, C, and D all show similar richness trends
where high species richness located in the center of the eastern US and the lowest richness areas
are located along the coast and into the Florida peninsula.
Tree species distribution is influenced by a variety of factors and strongly depends on the
region, ecosystem, and climate (Hawkins et al., 2003). Ecosystems are complex entities that are
affected by interactions among living and nonliving components. The area of low species
richness along the southeastern coastal areas and down the Florida Peninsula is likely the result
of abiotic variables limiting which trees can tolerate the conditions found on the peninsula.
1.2 Theoretical Background
The observed trend of decreased species richness from northern Georgia to the tip of
Florida contradicts the widely accepted latitudinal gradients of biodiversity. The latitudinal
diversity gradients (LDG) theory is based on observations seen across all taxa where the highest
levels of richness are seen at the tropics and decrease towards the extratropical areas. There are
multiple hypotheses attempting to explain the underlying mechanisms, but no single hypothesis
can explain every scenario of LDG observed. Patterns of diversity are dependent on the
historical, geographic, biotic, abiotic, and stochastic factors which shape species ranges
(Schemske, 2002). Latitude can dictate a variety of environmental variables, such as temperature
and seasonality, making it difficult to single out the underlying cause. Researchers aim to define
a mechanism that explains a richness pattern that is prevalent across taxa, geography, and time.
3

The biogeography hypotheses that explain the greater species richness at the tropics and
decrease towards the poles are further explained in section 1.2.1. Although there are greater
number of hypotheses explaining the latitude gradient hypothesis, there are a few mechanisms
that attempt to explain the inverse trend discussed in section 1.2.2. The basis of these hypotheses
is used to identify potential explanatory variables that may explain the tree species richness trend
in the southeastern United States.
1.2.1 Hypothesized Mechanisms of Latitudinal Diversity Gradient (LDG)
There are over 30 hypothesized mechanisms that explain the trend of LDG that attribute
the cause to a variety of factors like energy, geography, and evolution. First, the geographic area
hypothesis explains the LDG as a result of the size of the tropics (Rosenzweig et al., 1995). The
tropics are the largest biome and thought to support greater numbers of individuals and species
which would reduce the chance of extinction (Willig et al., 2003). Larger areas are able to
support greater habitat diversity and are more likely to contain gene flow barriers which can
facilitate speciation, adaption, and specialization processes (Willig et al., 2003; Slatkin, 1987).
Another LDG hypothesis predicts the age of the communities will determine richness
under the assumption that communities diversify over time. Therefore, the oldest communities
will have greater species richness than younger ones. As the tropics are the oldest biome, the
greater species richness found in this region is attributed to the longer periods of time for taxa to
speciate and specialize (Pianka, 1966). Similarly, the tropics, unlike the temperature regions,
have been less impacted by glaciation. Major glaciation events covered higher latitudes with ice
and thus caused major mass extinctions that affected all organisms. Regions, such as current
tropical regions, weren’t covered in ice and continued to support organisms even though their
climate was significantly altered during the glaciation period. Simpson (1964) and Newell
4

(1962), however, disagree with the age hypothesis and argue temperature zones are just as old as
tropical zones and mid regions of temperate areas most likely shifted instead of being eliminated
during glacial periods.
The productivity hypothesis attributes the LDG to the amount and strength of solar
radiation at regions along the equator. The solar radiation is strongest at the equatorial region due
to the tilt and rotation of the Earth and is strongly related to the energy availability, productivity,
and biomass of a habitat (Willig et al., 2003). Although greater energy availability and
productivity sounds as though it should account for LDG, some highly productive environments
exhibit a range of low levels of richness (Currie et al., 1991).
While the productivity hypothesis focuses on the amount of solar radiation, the
evolutionary speed hypothesis attributes the species richness trends to temperature latitudinal
gradients. The evolutionary speed hypothesis believes the high temperature increases species
richness through temperature induced increases to speciation rates (Rohde, 1992). Shorter
generation times, higher mutation rates, and accelerated selection pressures found in regions of
higher temperatures boost speciation rates, leading to the increase of species richness but short
generation times do not always result in higher evolutionary rates (Rohde, 1992). Another
climate based hypotheses, the climate stability hypothesis, suggests that tropical regions with
high climatic stability will contain more specialized species with smaller niches as resources are
fairly abundant throughout the year (Willig et al., 2003). Temperate regions that undergo greater
fluctuations in temperature and precipitation experience changes in resource availability
throughout the year.
The Rapoport-Rescue Hypothesis explains the LDG as an inverse relationship between
latitude and the size of the species ranges (Rapoport, 1975). The hypothesis predicts that species
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with a broad climatic tolerance will inhabit regions of high climatic variations, such as high
altitudes. A broad tolerance enables species to inhabit a wide range of environments and thus
their distribution range is large. Species in the tropics have smaller, narrower ranges due to their
limited tolerance of seasonal variation. The narrow tolerances of tropical species lead to a
heterogeneous environment where dispersal or spillover into unfavorable environments is
expected. These “accidentals” boost species richness and are “rescued” by the continued
dispersion of accidentals from nearby areas (Willig et al., 2003; Stevens, 1989).
The spatial heterogeneity hypothesis predicts environmental complexity increases
towards the tropics which causes the increase in species richness. As an environment increases in
heterogeneity and complexity, so do the communities within the environment. This scale
dependent theory does not account for richness gradients within a single habitat type but can be
divided into macro and micro theories (Pinka, 1966). The macro level assesses spatial
heterogeneity in regards to topographic relief and species richness. For example, greater changes
in topography provide greater amounts of niches and microenvironments. Micro-spatial
heterogeneity predicts greater diversity with an increase in size of environmental elements, such
as vegetation and soil particle size. Although the micro-spatial version has limited empirical
support, MacArthur (1964) demonstrated that the increase in tree height heterogeneity
corresponded to bird diversity in the tropical rainforest.
The geometric constraints hypothesis differs from the aforementioned hypotheses in that
it does not attribute the LDG to environmental gradients. Colwell and Hurtt (1994) proposed that
LDG could be produced through the random placement of species ranges within a bounded
domain. A bounded domain would be a region restricted by physical barriers, such as oceans,
which restricts species distribution. Simulation models have been tested to assess the effect of
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constraints on species ranges within a bounded domain and produced gradients with the highest
species richness found at the mid-domain (Colwell and Hurtt, 1994).
1.2.2 Hypothesized Mechanisms of the Inverse Latitudinal Diversity Gradient (LDG)
Although the LDG of species richness has been observed across the globe and studied
across many taxa, the inverse relationship is also present. Little is known about the evolutionary
and environmental mechanisms that cause this inverse trend and current explanations tend to be
specific to the taxa or scale (Kindlmann, 2007). Previous research presented in section 1.1
revealed a decrease in tree species richness from northern, inland regions to the southern tip of
the Florida where it extends 2,170 km off the coastline of the contiguous United States.
Florida exhibits an inverse LDG which also follows the Peninsular Effect which is a
biological concept describing a decrease in diversity from the base to tip of a peninsula. Simpson
(1964) postulated that the shape of peninsulas limit species immigration and increase extinction
rates, causing a reduction in species richness, also known as the geometry hypothesis. Taylor and
Regal (1978) found support for geometry hypothesis in a study on immigration and extinction
rates in six groups of vertebrae on the Baja peninsula. However, the geometric hypothesis
appears to be more of a verbal argument in many other studies due to the limited empirical
evidence.
Jenkins and Rinne’s (2008) literature review of peninsula effect research revealed only
24% of the 37 studies considered geometry the cause of the richness trends while 59%
considered habitat and 49% considered history the cause of the richness trends (Jenkins and
Rinne, 2008). Alternative explanations to the geometry hypothesis tend to be focused on the
varying habitat or environmental conditions of peninsulas. Busack and Hedges (1984) consider
the peninsula effect as a “red herring” or distraction from the fact habitat drives species richness
7

patterns, regardless of landform shape. A microcrustacean richness study in Florida performed
by Jenkins and Rinne (2008) supports the red herring label as trends in microcrustacean richness
were attributed to habitat suitability and sampling effort, not the peninsula landform. In a study
on breeding bird diversity on the Baja Peninsula, Wiggins (1999) determined the local habitat
heterogeneity had a greater influence on species richness than immigration rates. Means and
Simberloff (1987) examined the explanatory power of the region’s history, habitat, and geometry
on amphibians and reptiles in the Florida peninsula. 45% of the species exhibited no signs of
inhabiting the peninsula tip and the highest levels of richness were seen along the mid region of
the peninsula. Means and Simberloff (1987) concluded that the trend was not due to
immigration-extinction dynamics of the geometry hypothesis but rather habitat preference.
Other hypotheses predict history may influence current richness trends as species may still be
colonizing the peninsula or the current richness patterns reflect historic sea-levels (Orr, 1960,
Seib, 1980).
Previous studies on the Peninsula Effect predominantly assess the potential of the
geometry hypothesis as the causal mechanism but research on the influence of environmental
factors is limited, especially in Florida. There are seven peninsula effect studies focused on
Florida but they evaluated beetles, birds, amphibians, and reptiles (Jenkins and Rinne, 2008).
Currently, there is no research on the LDG of tree species on the Florida peninsula. Additional
research on the causes of the latitudinal gradient of tree species richness seen in the southeastern
United States would greatly contribute to the scientific research community and potentially assist
forest managers in developing better forest management and conservation strategies.

8

1.3 Literature Review of Environmental Factors related to Species Richness
All species exhibit a range of tolerance for environmental conditions. A simplified
tolerance curve is seen in Figure 2. The bell-curve distribution highlights how optimal
environmental conditions increase species fitness. As the environmental gradient becomes less
ideal, the species focus solely on survival and not reproduction. Species are unable to exist in
the extremes of environmental conditions. For example, temperate deciduous trees are unable to
survive in desert environments due to the severe differences in annual mean temperature and
precipitation, but thrive in temperate regions with moderate temperature and precipitation
regimes.
The decline in tree species richness seen in the study area may be due to the environmental
conditions of the southern tip of the peninsula. Differences in forested area, groundwater, soil,
and climate properties could potentially limit the tree species that can inhabit the peninsula
region. Four environmental variables and their studied influence on species richness are outlined
in the following sections.
Although not specific to
peninsula regions, these
environmental factors have
shown to affect tree
richness and distributions in
other regions. The
groundwater variable was
included due to the large
spread of swamps and

Figure 2: Tolerance curve of a population over an environmental
gradient (Urry et al., 2011).
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woody wetlands in the region. These broad categories reflect the variables selected from an
extensive literature review for analysis in Chapter 4.
1.3.1 Forested Area
The species richness of a forested area is strongly influenced by the size of the forest
(Chisholm et al., 2013). A larger forest patch can support greater number of habitats, more
diverse habitats, and larger quantities of resources while maintaining higher immigration rates
and lower extinction rates due to the greater amount of individuals able to thrive in the area.
Heegaard et al. (2007) assessed the relationship between tree species richness and forest size
across 16 landscapes in Norway with 2,162 forest plots. Their results found a positive effect of
forest shape complexity on species richness that increased with the size of the forest patch.
Figure 3 shows the concentrations of aboveground woody biomass for the contiguous
United States from the National Biomass and Carbon Dataset. The study area in the southeast
appears to have moderate to moderate-low levels of aboveground woody biomass in the coastal
plain and southeastern mixed forest ecoregions. The biomass appears to decrease from the base
to the tip of the Florida peninsula, similarly to the decrease in species richness seen in Figure 1.
The trend indicates sparser and few forests on the peninsula in comparison to forests found on
the mainland. The decline in biomass in the peninsula may suggest that land cover or other
environmental factors may limit the size and density of forest in the region.
1.3.2 Groundwater
Groundwater, as the name implies, is water found beneath the Earth’s surface. As part of
the hydrologic cycle, seen in Figure 4, water can be held beneath the ground surface in the pore
space between soil grains. The term groundwater includes water held in unconfined and confined
aquifers. The water table is unconfined groundwater that delineates the area of unsaturated and
10

saturated soil and is measured as the distance from the ground surface to the area of saturation.
The level and movement of the water table is influenced by soil, topography, and weather cycles
(Healy et al., 2007). The ground above the water can still retain water and moisture but does not
remain saturated. The water table can have localized cones of depression due to tree clusters and
pumping wells (Winter et al., 1998).
Extremely shallow water tables are strongly correlated to landforms, such as swamps,
bogs, and wetlands which exhibit strong environment constraints such as frequent or prolonged
flooding, high acidity, cold temperatures, and salinity (Keogh et al., 1999). These environmental
constraints can limit which tree species can tolerate and thrive in such conditions. The
southeastern regions of the United States contain large tracts of marshes, swamps, and woody
wetlands, further discussed in section 1.4, which may potentially limit tree species richness.

Figure 3: Aboveground woody biomass with ecoregions outlined in grey (Kellndorfer et al.,
2012).
11

While shallow water tables may limit tree richness, so can the opposite condition. Deep water
tables can potentially hinder tree growth and survival if their roots don’t have access to adequate
water stores in the soil.
Figure 4 shows the basic inputs and outputs of the hydrologic cycle within a region.
Water input into the system comes in as precipitation, surface water flow, groundwater flow,
lakes, and ice/snow caps. Water is temporarily stored below the surface in the soil. Water leaves
the system through evaporation and transpiration which condenses into clouds. The basic waterbudget equation, listed below, denotes the inputs of precipitation and water flow into the system
are equal to the outputs of evapotranspiration, change in water storage and water flow out of the
watershed (Healy et al., 2007).

P + Oin = ET + ΔS + Oout

(1)

Water Budget Equation, where P = precipitation, Oin = water flow into the watershed, ET =
evapotranspiration, ΔS = change in water storage, and Oout = water flow out of the watershed.

Research on the influence of groundwater on species richness is lacking mainly due to
data availability. Government and research organizations do not routinely measure the water
table depth. Only recently have water table maps been developed for areas extending beyond a
single aquifer system (Fan and Miguez-Macho, 2013). Allen-Diaz (1991) assessed the
relationship between water table depth and plant species in southern California by measuring the
water table depth regularly with piezometers. Based on the observations, four water table
patterns and five grass community types were classified. The plant communities showed a
strong relationship to the water table. Certain plant communities could not tolerate the low levels
of the water table while others were better suited. Zinko et al. (2005) found a positive correlation
12

Figure 4: Representation of the hydraulic cycle in a watershed (Healy et al., 2007).
between tree species richness and the availability of shallow groundwater. The study area in
Sweden was predominantly dry with low species richness but, areas of shallow groundwater had
higher species richness and rare plant species. Their study suggests that groundwater may be a
strong determinant of richness in regions where groundwater availability is a limiting factor.
Braun et al. (2004) observed increased mortality, 25% to 30% increase in eastern cottonwood
trees in Fort Worth, Texas as the water table dropped to 10 feet throughout a period of 7 years.
Mortality rates increased to 90% when the water table exceeded 12 feet deep. The increase in
mortality strongly corresponded to groundwater depths.
1.3.3 Soil Properties
Plants depend on soil for support, nutrition, and water storage. Soils are comprised of
small particles; sand, clay, and silt. These three soil textures each have specific properties. Soils
can be a combination of the three textures and classification is dependent on the ratio of textures.
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Sand is comprised of mainly large particles while silt is made of the moderately size particles
and clays are comprised of very fine particles. The differences in these soils textures correspond
with pore space, hydraulic conductivity, infiltration rate, and runoff rate.
The available water storage measurement of a soil expresses the volume of water that is
available to plants. Soils can have moderately deep water tables while having a high water
storage capacity. Trees do not necessarily depend on root access to the water table for water. If a
soil is able to hold water particles in the soil pore spaces, then the tree’s roots can extract water
from above the water table. Figure 5A depicts the three levels of water availability in soil. Soils
that are fully saturated exhibit pore spaces that are completely filled with water and only the
gravitational water is lost. The field capacity shows the capillary water that is held in pore spaces
and is available to plants. Lastly, the wilting point is a condition where no water is available for
root extraction. Figure 5B plots both the field capacity and wilting point lines by soil texture. The
area between the two denotes the region of available water that can be used by plant roots. Sandy
soils with coarse texture will have limited water holding abilities while clay soils with fine
particle size are able to hold the largest amount of water. The hydrologic group classification of

A

B

Figure 5: Difference in soil saturation levels (A) and differences in soils ability to hold water
(B) (Barbour et al., 1980).
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soils categorizes soils into four main classes based on their infiltration and runoff characteristics
which largely correspond to soil texture and composition.
Prentice et al. (1992) incorporated available water storage into a global vegetation
prediction model. Climate variables and soil variables were input into the model under the
assumption these two groups would be predict biomes and their corresponding vegetation. In the
study, eight soil classifications from fine to course were assigned an average percentage of
available water storage. The water storage variable proved to be an essential variable in their
model along with minimum temperature and annual accumulated temperature over 5ºC (Prentice
et al., 1992). Fan and Waring (2008) assessed to what extent actual evapotranspiration accounts
for species richness in 24 Level III EPA ecoregions in the eastern United States seen in Figure 6.
In addition to actual evapotranspiration, soil organic matter content, available water storage,
slope, elevation, and length of major roads were selected to account for species richness. The
Southeastern Plain and Middle Atlantic Coastal Plain both denote water storage was the most
dominant variable in predicting species richness. The two ecoregions had R2 values of 0.40 and
0.30 between tree species richness and water storage. At the broad scale, water storage in the soil
was the most dominant variable.

15

1.3.4 Climate Variables
Several of the LDG hypotheses assert climate plays an essential role in current species
richness trends. Francis and Currie (2003) compared global patterns of species and family
richness to climate and revealed the strongest relationships to richness explained by mean annual
temperature, annual water deficit, and annual potential evapotranspiration. They argued that
because of the strength of the variables listed, other factors like evolutionary history, glaciation
dispersal, soil nutrients, topography, and other climate variables only offered little to no
influence on broad scale richness patterns. The geometry of the peninsula may result in different
climate patterns than those seen in the mainland due to the surrounding water bodies. Warmer
waters surrounding the coast of peninsulas can increase the amount of precipitation of a region as
warmer waters provide the atmosphere with larger amounts of moisture which eventually

Figure 6: Distribution and correlation of environmental variables influencing species richness
by ecoregions (Fan and Waring 2008). The values on the map are the R2 values between the
variable, indicated by color, and species richness. AET = actual evapotranspiration, blue; PPT
= annual mean precipitation, light blue; SW = available water storage, orange; EL = average
elevation, dark green; OM = soil organic matter content, green-brown; REL = range in
elevation, light green; LR = length of roads, pale green.
16

condenses in the atmosphere and becomes precipitation. The peninsulas may be located in lower
or higher latitudes than the mainland which can cause the peninsula to experience different
climate regimes than the mainland. These differences in climate of the peninsula due to the shape
and latitude may limit the tree species that can inhabit the region.
Severe climatic events such as droughts can also have a negative impact on species
richness. However, the timing- the start and end periods of a drought- are difficult to identify. As
droughts are slow to develop and severity varies across regions, study area and time period
assessed will have a large effect on how well the drought is classified. Although there are several
different drought indices used to identify drought severity, two indices outperform the rest. In a
study performed by Vicente-Serrano et al. (2012) the changes in streamflow, soil moisture, forest
growth, and crop yield were compared across three drought indices. The drought indices
included the Standardized Precipitation Index (SPI), the Standardized Precipitation
Evapotranspiration Index (SPEI), and four versions of the Palmer Drought Severity Index
(PDSI). The SPEI and SPI proved to outperform the four versions of PDSI in capturing the
drought impact on hydrological, agricultural, and ecological variables. The SPI and SPEI had
similar performances but the SPEI outcompeted SPI. Both of the standardized indices are
comparable across regions as they are represented in common values. The values, -3 to 3, are
related to the historical probability distribution. Values less than -2 or greater than 2 represent
extreme wetness or dryness that’s only seen 5% of the time (WestWide Drought Tracker).
The SPI only requires monthly precipitation data as the input value. Precipitation is
usually the dominant form of water in the soil’s water budget. The index is based on converting
precipitation data into probabilities based on long-term precipitation measurements. The SPEI
varies from the SPI in that it also inputs average monthly temperature in addition to monthly
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precipitation. The addition of temperature allows the potential evapotranspiration (PET) to be
calculated and included in the SPEI’s water budget. The addition of PET into the equation helps
overcome the limitation of SPI by using a simplified water budget, calculated by subtracting the
PET from precipitation, in place of just precipitation (Vicente-Serrano et al., 2012). The addition
of a temperature value input allows the index to better identify warming-related impacts. The
SPEI, like the SPI, ranges from -3 to 3 which allows for a simple comparison between the two
indices.
The effect of droughts on tree mortality has been widely studied due to increased interest
in global climate change where more frequent, severe droughts are expected to occur, especially
over certain regions of the globe (Dale et al., 2001; Cook et al., 2014). Research performed by
Martinez-Vilalta and Pinol (2002) modeled drought induced mortality in pine populations found
on the Iberian Peninsula in Europe. Measurements of the hydraulic conductivity, xylem
embolism, and tree ring widths of different species revealed drought induced mortality varied
across the three species. Drought events more strongly affected one of the three pine species who
had a lower tolerance for the extreme heat and dryness of the drought periods while another pine
species exhibited higher water-use efficiency which may have contributed to the species being
less affected by the droughts. Bigler et al. (2007) studied the lag effect of tree mortality in
response to droughts in three subalpine species found in the Rocky Mountains of western United
States. 164 cross-dated dead trees between 1910 and 2004 were compared to early and late
season droughts. Early season droughts appeared to increase mortality in the fir and spruce the
following 5 to 11 years. Late season droughts increased mortality in fir and spruce within 1 to 2
years after the drought. The pine species included in the study showed no changes in mortality
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following droughts. The research emphasizes the large interspecific differences in drought
mortality (Bigler et al., 2007).
1.4 Description of Study Area
The study area is comprised of South Carolina, Georgia, Alabama, and Florida. The area
encompasses a variety of forest types, land covers, and landforms. This permits the assessment
of environmental factors that most strongly influences the range of species richness from very
low richness in central Florida to very high in northern Georgia and Alabama. The large study
area includes over 14,000 FIA plots across 545,500 km². The National Land Cover Database’s
land cover classification map from 2011, Figure 7, reveals the variety of land cover of the region
(Homer et al., 2015). The study area has a variety of evergreen and deciduous forests mixed
throughout with a lack of forested area in the southern portion of the peninsula. Highly
developed urban centers such as Birmingham and Atlanta are located inland and along the coast
of the Florida Peninsula, limiting forest area expansion in these areas. Large tracts of woody
wetlands with shallow water tables are primarily seen along the coast and following waterbodies
further inland.
The majority of the study area is covered by two ecoregion provinces in the humid
temperate domain (Bailey et al., 1994). The Outer Coastal Plain Mixed Forest covers the coastal
areas of Alabama, Georgia, and South Carolina as well as majority of Florida. The Southeastern
Mixed Forest Province comprises the inland areas of Alabama, Georgia, and South Carolina.
The Outer Coastal Plain Mixed Province is comprised of the flat Atlantic and Gulf Coastal Plain
and is highly populated with marshes, swamps, and lakes. The Southeastern Mixed Forest
Province is comprised of the Piedmont and irregular coastal plains where majority of the land is
gently slopes towards the ocean and contains numerous streams, marshes, swamps, and lakes.
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Figure 7: Map of the 2011 NLCD land cover classification of the study area.
Figure 8 illustrates the dominant forest type across the study area. Three groups dominate the
study; oak-hickory, loblolly-shortleaf pine, and longleaf-slash pine. The oak-hickory group is
seen in the northern region of the study. The loblolly-shortleaf pines cover regions in the Outer
Coastal Plain and the Southeastern Mixed Forest provinces ranging from on the coast to further
inland. The longleaf-slash pine is found mainly in the Outer Coastal Plain in southern Alabama
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Figure 8: Map of the different forest communities in the southeastern
United States (Ruefenacht et al., 2008).
and Georgia, and northern Florida. The presence of gum-cypress and pine forests interspersed
suggests the presence of xerophytic and hydrophytic forms of habitats, either excessively dry or
wet conditions (Bailey et al., 1994).
1.5 Purpose of Study
A declining trend in tree species richness is observed from mainland areas in the
southeastern United States down towards the southern tip of the Florida peninsula. Typically,
species exhibit a LDG where the highest level of richness is found in the equatorial region and
decrease towards the polar regions. However, the inverse trend is apparent in region specific
areas, such as the Florida peninsula. The immigration/extinction rates, habitat heterogeneity, and
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environmental factors have shown to account for the inverse LGD seen on peninsulas.
Currently, there is limited research on the influence of environmental factors on inverse LDG
trends in tree species and tree species richness trends on peninsulas, especially the Florida
peninsula. Forest size, groundwater, soil properties, and climatic measurements have all
demonstrated potential in determining tree species richness in other regions. These
environmental conditions potentially vary across the peninsula landform and may limit the tree
species that can tolerate those conditions, resulting in a decrease in species richness across the
peninsula. A LASSO regularized generalized linear model is used to identify the variables with
the greatest influence on species richness and to select two variable subsets which either provides
the minimum cross-validated error or the most regularized model where the error is within one
standard error. Both variable subsets are used to create predicted richness values and are tested in
their ability to accurately predict the richness trend. The identification of the performance of
area, groundwater, soil and climate variables in predicting tree species richness on the Florida
peninsula will help determine the influence of abiotic variables on the inverse LDG and the
Peninsular Effect seen in tree species richness.
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MATERIALS
2.1 Forest Inventory and Analysis (FIA)
The FIA program is a nation-wide strategic forest survey that originally served as the
foundation of a continental-scale policy study required by Resources Planning Act (RPA). It is
thus distinguished from local, project-level inventories whose aim is to provide site-level tree
physiology or local forest management planning (Gillespie, 1999). The FIA has been
consistently providing nation-wide forest inventory since the mid-1920s. However, to cope with
emerging environmental issues like climate change, the strategic design of sampling and plot
configuration has been reformed for most of States since 1998 from a periodic inventory to
annual inventory. The USDA Forest Service offers several methods for accessing the data online
at their FIA DataMart web portal; including various formats of state reports, state-level databases
as Microsoft Access, and an EVALIDator as a web-application. FIADB used in this study is the
most recent complete cycle of annual inventory as detailed in the following sections, sampling
frame and plot design. The FIA dataset is mainly used to calculate tree species richness and
forested area described in Chapter 3.
2.1.1 FIA Sampling Frame
The FIA dataset is comprised of a three phase sampling schema. The first phase utilizes
remote sensing techniques to classify land into forested and non-forested land cover. The second
phase is the field sampling of ground plots. The four subplots within the plot are designed in a
triangular pattern to represent the total 1-acre sampling area it represents. The third phase is a
subset of Phase 2 where forest health attributes are assessed, including the tree crown, lichen
community, understory, down woody debris, and soil attributes. One Phase 3 measurements
occurs for every 16 Phase 2 plots or every 96,000 acres (388 km²). The completion of Phase 3
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largely depends on the state’s financial resources each year. To systematically install ground
plots in Phase 2, the FIA annual inventory system implemented a five-rotating panel system. The
1998 Farm Bill mandated that it employ a temporal sampling intensity of 20% of each state per
year, resulting in a five-year cycle to complete a state’s inventory. The annual inventory panel
system is conceptually based on the Forest Health Monitoring (FHM) sampling frame (Overton,
1990; White et al., 1992) used by the U.S. EPA’s Environmental Monitoring and Assessment
Program. The original FHM hexagons (approximately 160,000 acres) are subdivided in 27
smaller hexagons covering 5,937 acres per hexagon (Bechtold and Patternson, 2005). Each
hexagon is then assigned to one of five panels for the rotating panel system, resulting in no
adjacent hexagons belonging to the same panel and allowing 20 % of state inventory to be
completed per year. The annual FIA sampling design can be summarized as a hexagon/panel
system that FIA plots are distributed systematically
across the conterminous United States and through
time (Bechtold and Patternson, 2005).
2.1.2 FIA Plot Design
Since the annual inventory is a national
survey, all FIA units have implemented a common
plot design for permanent ground plots. A standard
Phase 2 plot is comprised of four 24-foot radius
subplots, represented as the green circles in Figure
9, where trees with a diameter greater than 5 inches
are identified and measured. Each subplot houses a
6.8-foot radius microplot, the solid black circle,
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Figure 9: The FIA plot design of Phase 2
and 3 (Beechtold and Patterson 2005).

where trees with a diameter of less than 5 inches are measured. Core variables measured during
Phase 2 sampling include tree diameter, height, damage, regeneration, site characteristics, forest
type, stand age, land use, estimates of growth and mortality. The large macroplots, seen as a
dotted circle, are an optional variation on the plot design that resulted from several changes to
the plot design throughout time. From here on out, all references of the term ‘plot’ refers to a
standard FIA Phase 2 plot.
2.1.3 Issues on Plot Location Accuracy
An amendment to the Food Security Act of 1985 assured the privacy of the landowners if
a plot was located on their property by slightly altering the coordinates published (FIA Privacy
Policy). Plot coordinates provided in the FIA database are approximated by methods known as
“fuzzing and swapping” (Bechtold and Patterson, 2005). Fuzzing is a technique where the plot’s
coordinates are randomly relocated within a half mile of the original location. The swapping
method switches the coordinates between two plots when they have similar characteristics and
reside in the same county on privately owned land. These plots keep their true attributes but
swap coordinates. Swapping can occur in up to 20% of the plots on private lands as an extra
measure of ensuring the landowners’ privacy (Bechtold and Patterson, 2005). This swapping
method may result in inaccurate summaries when the study area is a subset of a county but the
inaccuracies are minimized by swapping coordinates between plots with similar forest type,
stand-size class, latitude, and longitude (Bechtold and Patterson, 2005). Gibson et al. (2014)
compared species distribution models for six endemic tree species across 9 states in the western
United States that were built from the true coordinates and the altered coordinates. No significant
difference was found between the two models of the species’ distribution at 50, 100, 150, and
200 km mapping units. Prisley et al. (2008) assessed the impact of using fuzzed and swapped
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plot coordinates to the actual coordinates for terrain models across 21 counties in North Carolina.
They concluded that altered plot coordinates are not suitable for fine-scale applications but
suggest little to no effect on broad scale applications.
2.2 Explanatory Variables
The explanatory variables tested are grouped into four general categories that may
influence species richness: forested area, groundwater, soil properties, and climate (Table 1).
These variables have been hypothesized to encourage or hinder the growth and distribution of
tree species (Currie, 1991). The area group contains a proxy measurement of forested area that is
derived from the FIADB. The groundwater variable, depth to water table, is a simulated dataset
based on 500,000 water level measurements and topography by Fan and Miguez-Macho (2013).
The soil properties, available water storage and soil hydrologic group, are from the gSSURGO
database and are based on soil texture, water infiltration rate, and runoff potential. The climate
variables include the mean temperature and precipitation along with their measures of
seasonality provided by the WorldClim website (http://www.worldclim.org). These variables are
derived from measurements obtained from 1950 to 2000. The drought indices, SPI and SPEI,
were calculated for the ten-year period prior to the FIA field measurements. The drought indices,
available from the WestWide Drought Tracker, are calculated from monthly temperature and
precipitation data from 1895 to 2004 and topography.
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Table 1: Grouping and description of explanatory variables used.
Group
Forested Area
Groundwater
Soil Properties

Climate

Explanatory Variable
Forested Area
Depth to Water Table
Available Water Storage
Hydrologic Group
Mean Annual Temperature
Temperature Seasonality
Mean Annual Precipitation
Precipitation Seasonality
SPEI 1994 - 1999
SPEI 1999 - 2004
SPI 1994 - 1999
SEI 1999 - 2004

Data Source
FIA
Fan et al., 2013
gSSURGO

WorldClim

WestWide Drought Tracker

2.2.1 Forested Area
The tree species richness of an area will largely depend on the amount of area that can
support large population which lowering extinction rate (Chisholm et al., 2013). The arearichness hypothesis observes greater levels of richness with larger habitats and explains the
regional differences in species numbers. Preston (1960) was the first to developed the “area-per
se hypothesis” which explains species richness as a function of immigration and extinction rates.
The rate of immigration is dependent on the distance of the habitat to the population’s source
while extinction rates are inversely proportional to the area size of the habitat. Larger tracts of
forest can support larger populations and attract new species with greater resource and habitat
availability. Extinction rates are lower in large habitats as population sizes are better supported
by larger habitats. Tree species richness within the study area may be strongly influenced by the
amount of the forested area.
2.2.2 Groundwater
The water table depth (WTD) variable was made publically available online by
developers, Fan and Miguez-Macho (2013). The dataset is a simulated WTD dataset using long27

term table solution of the balance climate fluxes, such as precipitation and evapotranspiration,
and geological water fluxes, such as groundwater flow (Fan et al., 2013). The model begins by
setting the water table at 0m, at the surface, and then the depth is recalculated as the model runs
through the water input and outputs. The model takes into account the influence of climate and
terrain. The recharge flux is calculated by the subtracting evapotranspiration and surface runoff
from annual precipitation. The influence of terrain is seen as gravity-driven groundwater
convergence. Groundwater flow was calculated as a function of the terrain slope (Fan et al.,
2013). The model kept repeating this calibration until each cell at 9 arc-second resolution was
stable and exhibited less than 1 mm of change in depth (Fan et al., 2013). The model was
validated with over 500,000 field observations of water table depth performed by the USGS
between 1927 and 2009. The observations included in the model are limited to shallow wells less
than 100m deep in order to only include unconfined aquifers that are strongly influenced by
surface interactions. The mean of residuals, simulated WTD minus observed WTD, was 0.443 m
(Fan et al., 2013). The correlation between the WTD dataset and the 2001 NLCD percent
wetland data showed Pearson’s R of -0.36, indicating the strong ability of the WTD to accurately
identify wetlands across the United States (Kreakie et al., 2012). Fan and Miguez-Macho (2010)
found a strong correlation (Pearson’s r of 0.85) between field-mapped wetlands and the WTD
dataset where wetlands were defined as having a WTD of 1.0m or less.
Extremely deep water tables, seen in arid habitats, or shallow water tables, seen in
swamps and wetlands, may limit which tree species can thrive or survive in the location.
Prolonged periods of highly saturated soils can lead to hydric soils with anaerobic conditions that
may be inhabitable to some tree species that depend on root respiration and soil microorganisms.
Certain species are well adapted to wetland habitats by having shallow root systems, aerenchyma
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or special pore spaces, or exposed knees which assist in root respiration (Vartapetian and
Jackson, 1997). Just as shallow water tables have to potential to limit tree richness or growth, so
can deep water tables by limiting the available water to trees. Horton et al. (2001) found deeper
water tables in Arizona were detrimental to the physiological condition of trees.
2.2.3 Soil Properties
Soil variables were extracted from the USDA Natural Resources Conservation Service’s
gSSURGO (Gridded Soil Survey Geographic) database, which provides more information on
soil units at a smaller scale than the generalized STATSGO database (SSURGO Data Use
Information, 1995). The STATSGO database is created by generalizing the soil survey maps at
the 1:250,000-scale topographic quadrangle series (SSURGO Data Use Information, 1995). The
gSSURGO is comprised of field and laboratory assessments of soil profiles to identify soil
characteristics, drainage, bedrock, and vegetation. Soils in a given area typically follow an
orderly pattern of change that is dependent on landforms, relief, climate, and vegetation. The
gSSURGO is mapped at scales ranging from 1:12,000 to 1: 31,680 (SSURGO Data Use
Information, 1995). Two soil related variables, available water storage and hydrologic group
classification, were assessed on their influence on species richness. The available water storage
denotes the estimated quantity of water in soil available to plants. The hydrologic group
classification designates the soil’s texture and hydraulic conductivity.
2.2.3.1 Available Water Storage
Available water storage is the volume of water, measured in cm, in a column of soil that
is available to plants. The gSSURGO database provides these calculations as a weighted average
of the components by size in depth in a map unit for the top 0.25m, 0.50m, 1.00m, and 1.50m of
soil. The available water storage depends on soil’s storage capacity, rainfall amount, and
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proportion that can infiltrate the soil. The available water storage in the top 1.50 m was chosen
for analysis due to the depth and spread that tree roots exhibit. Available water storage and
available water capacity are synonymous terms. Both denote the amount of water available to
plant intake but they are calculated slightly differently. The available water storage is calculated
from the available water capacity which is determined by taking the difference between water
content at field capacity, typically 1/3 bar, and permanent wilting point, at 15 bar tension with
corrections for salinity, rock fragments, and rooting depth, seen in Equation 2 (Soil survey
manual, 1993). All the weighted averages of the soil profile components are then summed to
produce the total cm of water available in the soil profile, the available water storage (Soil
survey manual, 1993).

AWC = (W1/3 – W15) x (Db1/3) x Cm / 100

(2)

Available water holding capacity equation, where AWHC=Available water capacity, W1/3 =
gravimetric water at 1/3-bar tension, W15 = gravimetric water at 15-bar tension, Db1/3 = bulk
density of <2-mm fabric at 1/3-bar tension, and Cm = rock fragment conversion factor .
2.2.3.2 Hydrologic group
The gSSURGO hydrologic group refers to a soil’s runoff and infiltration characteristics.
Similar to available water storage, the hydrologic group is based on estimates of infiltration rates
which largely depend on the hydraulic conductivity and porosity. The infiltration rates are
strongly correlated to soil texture (Phillips et al., 2015). For example, sandy soils have a high
infiltration rate due to the large pore spaces which increases hydraulic conductivity (Phillips et
al., 2015). The classification takes into account slope, soil texture, and drainage class. There are
four main groups (A, B, C, and D) determined by their minimum infiltration rate for a bare
surface and three dual groups (A/D, B/D, or C/D).
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Group A are soils with a high infiltration rate and low runoff potential; frequently these
are gravelly or sandy soils. Group B have a moderate infiltration rate and rate of water
transmission. Group B soils are typically fine textured to moderately coarse textured and are
usually silt loam or loam soils. Group C soils have a slow infiltration rate and rate of water
transmission, typically sandy clay loam. Group D soils have a very slow infiltration rate and high
runoff potential. These soils are predominantly clays that exhibit shrink-swell movement, or soils
with a high water table, or soils that have an impervious material such as claypan or clay layer.
The main groups; A, B, C, and D, are ranked from high infiltration rate/low runoff potential to
low infiltration rate/high runoff potential in Table 2. The dual groups are assigned for certain
soils that are naturally highly saturated due to a high water table. D is the only second letter in
the dual groups because only the soils that are highly saturated with slow infiltration in their
natural condition are assigned to dual classes. The first letter of the dual group is the
classification that would be assigned if the location was drained.
The soil hydrologic group relates the soil’s speed and ability of water percolation. Soils
in hydrologic group A have a high water transmission rate while group D soils have very low
transmission rate. These two extremes may not be ideal for vegetation growth. High transmission
rates of sandy soils would correspond to lower levels of available water in the soil for vegetation
and the high runoff potential of clay soils, group D, may not be ideal conditions for vegetation
growth. The hydrologic groups strongly correlate to soil types and is used to represent soil types
in addition to water infiltration rate.
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Table 2: The basic characteristics of the main hydrological groups which are based on
infiltration rate, water transmission, and runoff potential.
Hydrologic
Soil Group

A
B
C
D

Soil Type

Infiltration Rate
and Water
Transmission

Runoff
Potential

High

Low

Moderate
Moderate

Moderate
Moderate

Low

High

Sand, gravel,
loamy sand,
sandy loam
Silt loam, loam
Sandy clay loam
Clay loam, silty
clay loam, sandy
clay, silty clay,
clay

2.2.4 Climate
2.2.4.1 Temperature and Precipitation
Temperature and precipitation are the two most influential abiotic factors of the
distribution of plant species (Prentice et al., 1992). The mean and seasonality values of
temperature and precipitation were used as climate-related explanatory variables, Table 3. Mean
annual temperature and mean annual precipitation are two common variables that define biomes
and climate regimes. The seasonality variables denote the level of variation from the mean.
Certain tree species may not thrive in conditions with high temperature or precipitation variation
throughout the year.
The annual mean temperature, temperature seasonality, annual precipitation, and
precipitation seasonality were downloaded from the WorldClim site
(http://www.worldclim.org/). The WorldClim variables are derived from the interpolation of
monthly climate data from multiple weather stations a part of the Global Historical Climatology
Network, the Food and Agriculture Organization of the United Nations, the World
Meteorological Organization, and the International Center for Tropical Agriculture (WorldClim).
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The annual mean temperature and annual precipitation display the average temperature and
precipitation for the location while the seasonality variables denote how much the temperature or
precipitation varies from the annual mean. Temperature seasonality is measured in standard
deviation as it is proportional to the mean annual temperature. Precipitation seasonality is the
measure of variation in monthly precipitation totals. It is calculated by the standard deviation of
the monthly precipitation totals divided by the mean monthly precipitation total (O’Donnell and
Ignizio, 2012).
Table 3: Explanatory Climate Variables

Temperature
Precipitation

Variable
Annual Mean Temperature
Temperature Seasonality
Annual Precipitation
Precipitation Seasonality

Units of Measurements
Celsius
Standard Deviation
Millimeters
Coefficient of Variation

2.2.4.2 Drought Indices
The two drought indices, the Standardize Precipitation Index (SPI) and Standardized
Precipitation Evapotranspiration Index (SPEI), were available from the West Wide Drought
Tracker which is a product of the Western Regional Climate Center and the Desert Research
Institute. The drought indices were calculated from the Parameter-elevation Regressions on
Independent Slopes Model (PRISM) Climate Mapping Program with Oregon State University.
PRISM takes point data, digital elevation model, and additional spatial datasets to produce a fine
scale, 4 km grid, estimates of monthly precipitation and temperature from 1895 to present. The
fine scale application can account for complex topography like high mountains and coast lines
that influence meso-scale climate processes. The monthly temperature and precipitation spatial
datasets are the inputs used to calculate the SPI and SPEI.
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The West Wide Drought Tracker offered the SPI and SPEI for 1 to 12, 15, 18, 24, 30, 36,
48, 60, or 72-month duration. The droughts maps used covered a period of 5 years, just like the
FIA dataset. The drought maps for the United States were downloaded for 2 five-year periods;
1994 to 1999 and 1999 to 2004. These cover the 10 years leading up to the FIA sampling period
used to calculate the independent variable, species richness. Trees exhibit a lag effect to changes
in environmental conditions. Therefore, if a drought did affect tree distribution by inhibiting
successful reproduction or the growth of saplings into mature trees (mortality), then the affects
would be seen seasons to years later (Bigler et al., 2007).
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METHODS
3.1 Analytical Methods
The grid system created to extract averaged values of the explanatory variables is
outlined in section 3.1.1. The use of FIA plots to calculate species richness, the response
variable, is detailed in section 3.2. Twelve abiotic variables were evaluated in determining their
ability to explain the species richness trend seen in the southeastern United States. Manipulations
of the explanatory variables and their correlation to the species richness variable are explained in
section 3.3. LASSO, a regularization technique under generalized linear model specifications,
was employed to select a subset of correlated variables that best predicts the species richness,
section 3.4. The two subsets of variables chosen by the LASSO regression were used to create a
predicted richness map. The LASSO regression, through many iterations, will decrease the
regression coefficient of a variable and assess the impact on the model’s power. This process
extracts a subset of variables with the highest explanatory power. Generalized linear models
were then implemented to predict tree species richness from the variable subsets selected by
LASSO, section 3.5.
3.1.1 Data Preparation
The data set for response and explanatory variables were all imported into ArcMap with
the same projected coordinate system, NAD83 with Albers Equal Area Conic. The Albers Conic
projection uses two standard parallels to help minimize the distortion and preserve area size.
With the two standard parallels set at 29°30' and 45°30', the maximum scale distortion is 1.25%
for the 48 contiguous states. The Fishnet tool from the Data Management toolbox in ArcMap
was used to create a 20km by 20km grid based on the spatial extent of the FIA plots. The 20km
by 20km grid, seen in Figure 10, is widely used by the FIA research community due to the size
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of area the plots represent and the spacing between plots. The number of plots per cell ranged
from 1 to 21 plots with an average of 11.15 plots per cell. A total of 1,312 cells of the original
2,552 cells were included due to the coverage of FIA plots and explanatory variables. Majority
of the unused plots were located over the ocean and was therefore excluded. Each grid cell is
assigned a unique id number (GridID) which later used as primary key to build a database in a
relational database management system. Three grid cells containing six FIA plots off the
southern tip of Florida were omitted due to their distance, ranging from 25 to 75 km, from the
Florida peninsula in attempt to
control for extraneous variables.
The Zonal Statistics as
Table tool from the
Multidimensional Toolbox from
the Spatial Analysist extension
was used to summarize the
twelve explanatory variables
within the grid cells in ArcMap.
Once computed, the tables were
exported as Excel sheets by the
Table to Excel tool. Once the
zonal statistics were calculated
for the explanatory variables, the
individual tables were imported
into MS Access and merged

Figure 10: The 20km by 20km gird produced from the FIA
plot locations.
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together based on the grid cell id (GridID) number. Therefore, the average species richness value
and all environmental variables were listed by GridID. The average values of the explanatory
variables were extracted from the zonal tables, except in the case of the forested area variable
and hydrologic group. The forested area variable and hydrologic group did use the average value
but rather the plot count for the forested variable and majority values for the categorical
hydrologic groups.
3.2 Calculation of Tree Species Richness
The FIA dataset was downloaded from the Forest Service’s FIA DataMart in four
Microsoft Access Databases by state. FIA plot locations were mapped by their provided
geographic coordinates. The 20km by 20km grid was spatially joined to the FIA plot locations.
The FIA attribute table, which contained the plot ID and grid cell ID (GridID), was exported as
an Excel sheet, called the Grid ID table. The FIA’s Plot Snapshot, Population Evaluation Group,
Condition, and Tree tables were exported from the databases and then imported into an empty
Access Database. The 2 gigabyte size limit on the Access Database required the deletion of all
unnecessary FIA tables. The same tables for each state were combined in the new database
containing the Grid ID table. The 2013 population evaluation groups were selected for each state
to ensure the timing of sampling events were consistent across all four states, 2004 to 2013. The
table relationships were defined in the new database in order to produce a single table,
ComboTable, by extracting plot ids, plot latitude and longitude, species code, and corresponding
grid id. A SQL query, seen below, calculated the total number of unique tree species of FIA
plots that are within individual grid cells from the combined table.
Select distinct ComboTable.Grid_ID, Count(ComboTable.SPCD) as [Count] into
GridSppRichness from (select distinct ComboTable.SPCD, ComboTable.Grid_ID from
ComboTable) group by GridSppCombo.Grid_ID;
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The query results were exported as a csv file and then imported into ArcMap and mapped
by their geographic coordinates. The plots cover the majority of the study area but southern
Florida lacks the same density of plots seen in Alabama, Georgia, and South Carolina. This area
is comprised of urban areas, pastures, croplands, and woody wetlands as seen in Figure 11 which
frequently does not meet the FIA standards for forest classification. Figure 11 shows the richness
value, ranging from 1 to 21 species, per plot and a decline in tree species richness from higher to
lower latitudes. A total of 534,700 trees were measured across the study area and used to
calculate species richness by grid cell. A table of the most common tree species can be found in
Appendix A.
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Figure 11: Species richness value of individual plots. There is an observable trend of
decreasing richness from northern to southern latitudes.

39

3.3 Explanatory Data Analysis of Variables
The explanatory variables were all processed as either raster or shapefile format which
could be easily manipulated in ESRI ArcMap. The variables were obtained from several different
data sources; as such each variable was manipulated slightly differently than the other. The
forested area was calculated by calculating the number of plots that resided within each grid cell.
The groundwater and climate variables required little to no manipulation. The soil properties
required reclassification of the hydrological groups. To check the multicollinearity among
variables, a correlation matrix, seen in section 4.3, was produced using all of explanatory
variables and their individual relationship to species richness. The full R script is available in
Appendix B.
3.3.1 Forested Area
A representative measurement for forested area within a grid cell was created using the
total number of FIA plots within a grid cell. As such, grid cells with more FIA plots not only
house more forested area but also have a greater chance of having high species richness due to
greater forested area. The FIA Phase 1 classifies the land into forested and non-forested land
cover. Depending on the size and spread of the forested land, the FIA will place a permanent
sample plot based on a hexagonal grid system. The hexagonal grids are approximately 6,000
acres and contain one permanent plot each. A single grid cell can hold a varying number of plots
depending on the forest cover and location of plot within the 20 km2 grid cell. The FIA plot
sampling intensity is equal across the United States in that a grid system covers the country. The
grids must meet minimum requirements during the first FIA phase of land stratification to be
classified as forested or non-forested. Only those grids classified as forested will be measured by
a field crew during the second phase. The forested area value was derived by creating a spatial
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join in ArcMap between the mapped FIA plot locations. This added the grid id value to the
attribute table of the FIA plot shapefile. The attribute table was exported from ArcMap with the
Table to Excel tool and imported into the MS Access where a simple query determined the count
of plot per grid cell id value.
3.3.2 Groundwater
The water table depth (WTD) data were publically available online
(https://glowasis.deltares.nl/thredds/catalog/opendap/opendap/Equilibrium_Water_Table/catalog.
html) as a NetCDF file with a raster resolution of 30 arc-second (approximately 1 km resolution)
by continent (Fan et al., 2013). The downloaded WTD NetCDF file corresponding to North
America was imported into ArcMap via the Make NetCDF Raster Layer tool from the
Multidimensional Toolbox. The raster for all of North American was over 0.5 gigabytes in size
due to its fine scale resolution. The raster was clipped to the study area to increase processing
speeds.
3.3.3 Soil Properties
The gSSURGO is in an ESRI file geodatabase format which allows the data to be easily
imported and manipulated in ArcMap. The database was downloaded for each state in the study
area. The main map components include the map unit polygons and multiple soil attribute tables.
The tables are joined to the map unit polygons based on a unique identifier: the map unit key.
The units for the four states were exported as a shapefile with the available water storage and
hydrologic group variables in the attribute table.
The categorical groups are assigned a value from 1 to 7 in order to be incorporated into
the statistical model. The zonal statistics tool extracted the group that occupied the majority of
each grid cell due to the data being categorical, not continuous. ArcMap arbitrarily assigns a
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value from 1 to 7 after using the majority function of the zonal statistics tool. The seven groups
were reclassified as follows: 1 for A, 2 for A/D, 3 for B, 4 for B/D, 5 for C, 6 for C/D, and 7 for
D. These assignments were based on the undrained classification that is strongly related to soil
texture. This method for categorizing allows the hydrologic group to be a proxy variable for soil
texture.
3.3.4 Climate
The four maps relating to temperature and precipitation were downloaded as ESRI grids
at 30 arc-second resolution (approximately 1 km) from WorldClim.org and imported into
ArcMap. Unlike the temperature and precipitation values, the drought indices had multiple
options for starting month, year, and duration. The user has the option to set the start month, start
year, and duration of the drought indices on the WestWide Drought Tracker website
(http://www.wrcc.dri.edu/wwdt/). All four drought indices span 5 years and begin in January of
1994 or 1999. The drought index was downloaded as a NetCDF for all of the United States. The
files were imported into ArcMap via the Make NetCDF Raster Layer tool from the
Multidimensional Toolbox.
3.4 Variable selection
The LASSO model was enacted for its ability to select certain variables that are the most
important from many highly correlated variables through its shrinkage and selection method for
linear regression. LASSO stands for “least absolute shrinkage and selection operator” and is a
continuous selection algorithm that selects a subset of predictors by shrinking the effect of
unimportant ones to zero and eliminating them from the algorithm; making LASSO ideal for
dealing with multicollinearity in data (Tibshirani, 1996). The environmental variables used as
explanatory variables are highly correlated to one another. For example, precipitation and
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temperature trends will affect the regional drought index and water table depth. The LASSO
model progressively shrinks the coefficients of regression to zero in order to eliminate variables
from selection, assess the model function, and preform a continuous subset selection (Tibshirani,
1996). The LASSO regression yields sparse models where the models are a subset of the original
variables with a L1 norm. The λ value is the regularization parameter that determines the
model’s complexity and is critical for the prediction model. The use of cross-validation methods
helps select the ideal λ which selects certain variables to explain to dependent variable.
The independent variables and dependent variables were extracted from the csv file as
two separate matrixes into the R workspace (refer to the Appendix B for the complete R script).
The glmnet package, a package that fits a generalized linear model via penalized maximum
likelihood, was used to create the LASSO fit from a Poisson regression model. The two λ values
were both assessed in their difference in variable selection and amount of deviance explained by
the selection.
3.5 Model Development
The generalized linear model (GLM) has been utilized many species richness studies
(Buse and Griebeler 2012; Thommson et al 2006; Guisan and Zimmermann 2000) and its
ecological applications fully reviewed by McCullagh and Nelder (1989). General linear models –
different to GLM – are useful for data analysis and modeling but are limited in their assumptions
of normality, linearity, and homoscedasticity. Data collected in ecological studies are poorly
represented by normal distributions. However, GLM allows the specification of models where
the response variables follow distributions other than a normal distribution. GLM uses flexible
maximum likelihood parameter estimates based on a weighted version of least squares. The
response variable can be modeled with normal, Poisson, gamma, or binomial distributions
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(Olsson, 2002). The response variable type used, tree species richness, is a count variable which
frequently assumes Poisson distribution. GLMs are based on a link function, which is a
relationship between the predictor function of the explanatory variables and the average of the
response variable (Guisan et al., 2002). The GLM is better able to handle larger class of error
distributions and constrain the predictions to a certain range with the link function.
Cross validation was utilized to determine the optimal λ value to use in the prediction
model. λ is the regularization penalty parameter. The λ values chosen determine which
explanatory variables to incorporate in creating the prediction models. The model produces two
values of λ for selection. The λ minimum (λ min) is the value that provides the minimum crossvalidated error. The λ 1 standard error (λ 1se) provides the most regularized model where the
error is within one standard error. Both λ values were used to produce prediction models of
species richness. Efron’s pseudo R2 values were calculated to assess the goodness of fit of the
predicted value to the observed value by grid cell. Efron’s method squares the correlation
between the observed and predicted values. Finally, a spatial autocorrelation tool, Global
Moran’s I, was applied to the residual maps in ArcMap to assess similarity of the residual values
to nearby cells. The tool determines whether the distribution of residual values area clustered,
random, or dispersed by calculating the mean and variance of the residual values and
determining the deviation from the mean for each grid cell. The deviations of neighboring cells
are then multiplied together and compared to the mean value. Inverse distances were selected for
the conceptualization of spatial relationships and Euclidean distance was selected for the
threshold distance. Lastly, row standardization was applied as the residual maps contains an
imposed aggregation scheme of polygons.
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RESULTS
4.1 Initial Assessment of Explanatory Variables
The following subsections discuss the spatial trends of the individual variables. The
richness value by individual plots, seen in Figure 11, reveals a decline in tree species richness
from northern to southern latitudes. The areas with the lowest richness values are located on the
peninsula and coastal areas. Figures 12 through 23 in sections 4.1.1 to 4.1.4 show the original
dataset on the left side with the grid cell value, either count, average, or majority, on the right
side.
4.1.1 Forested Area
The forested area, shown in Figure 12, ranges from 1 to 21 plots per cell. The lower

Figure 12: Map of FIA plot locations and the number of plots per grid cell, which is
representative of forested area within a grid cell.
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latitudes of the Florida peninsula have noticeably sparser forested areas of 1 to 7 plots than the
rest of the study area. The southern half of the Florida peninsula contains many urban areas, such
as Orlando and Miami, which likely limit forested areas. There are a few additional areas with
lower forested area when compared to their surrounding areas, such as the area in northern
Georgia which corresponds to the location of the metropolitan area, Atlanta. Regions of highly
forested areas are seen in coastal areas, like the Florida panhandle, and further inland.
4.1.2 Groundwater
The depth to water table, seen in Figure 13, shows a shallow water table for the majority
of Florida and the coastal plain regions of Georgia and South Carolina. The southern and coastal
regions displayed a relatively shallow water table with averaged depths between 0.1 m and 10.2
meters below the surface. Deeper water tables reaching up to 50 m deep were seen at the

Figure 13: The depth to water table (meters) and average depth by grid cell.
46

northern state lines of Alabama, Georgia, and South Carolina. The deep water table seen in the
northern regions is likely due to the mountainous terrain and higher elevations. The averaging of
the depth by grid cell has lost some of the original dataset’s detail but reflects the general
differences in depth across the study area.
4.1.3 Soil Properties
The averaged available water storage ranged from 0 cm to 35 cm across the grid cells
(Figure 14). There is a loss of detail with the averaged map but the gradual changes in water
storage across the landscape are apparent. For example, the thin strip of high water storage
following the coast of Georgia is lost. The northern areas of Alabama and Georgia show areas of
low water storage which may be due to soil type. Florida has a mix of low and high water storage

Figure 14: The available water storage in to top 1.50 meters of soil and the averaged available
water per grid cell.
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regions. The large blue area at the Florida and Georgia boundary is Okefenokee National
Wildlife Refuge which is a preserved swampland. The second large blue area in the southern top
of Florida is the Everglades Agricultural Area. The agricultural area is still operational and the
amount of water in the soil depends on crop types and the season. During the dry season, water
from the lake is pumped into the fields and returned to the lake via a back pumping process
(Izuno, 1989). The averaged grid cells do not cover this region because there are no FIA plots at
the non-forested agricultural area.
The study area contains all seven hydrologic groups, seen in Figure 15. Florida is
comprised of mostly groups A and A/D. Group B is predominantly located inland in northern
Georgia and South Carolina while B/D is uncommon. Group C is found dispersed throughout the
study area while Group C/D is primarily seen along the coasts and floodplains. Group D is seen

Figure 15: The hydrologic group classification and the majority classification by grid cell.
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mostly in Alabama with some patches in northern and coastal Georgia. The dual groups are only
seen in the coastal and peninsula regions which correspond to areas of shallow water table depth.
The area of low species richness seen in southern Florida and the Florida panhandle is primarily
covered in Group A/D and A which are sandy soils, suggesting maybe soil type limits the species
richness in this region.
4.1.4 Climate
The annual mean temperature ranged from 10°C to 24°C, seen in Figure 16. The southern
tip of Florida exhibited the highest mean temperature which is expected due to stronger solar
radiation patterns. The lowest mean temperatures were seen in northern Georgia where it is
mountainous. Figure 17 depicts the temperature seasonality or variation of the region. The
Florida peninsula exhibited the lowest levels of seasonality where the temperature is fairly
constant throughout the year. The temperature seasonality increases as latitude increases. The
mean annual precipitation was fairly stable throughout the area (Figure 18). The precipitation
seasonality, Figure 19, is highest on the southern tip of Florida, especially the west side which
may be due to its proximity to the warm waters of the Gulf of Mexico. The gridded averages for
the climate data all strongly reflect the original raster dataset which is expected as the variables
are based off of annual mean values.
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Figure 16: The annual mean temperature and averaged temperature per grid cell.

Figure 17: Temperature seasonality, measured as standard deviations and the average
temperature seasonality per grid cell.
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Figure 18: Annual precipitation in millimeters and the average per grid cell.

Figure 19: Precipitation seasonality, measured as the coefficient of variation, and the
average variation per grid cell.
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The SPEI from 1994 to 1999 clearly shows the Florida peninsula under drought
conditions while the rest of the study area exhibits wet conditions (Figure 20). The SPEI from
1999 to 2004, seen in Figure 21, shows the study area experiencing wet conditions. The SPI
values, seen in Figure 22 and 23, for the two time periods closely resemble the SPEI values. SPI
appears to have slightly wetter conditions than the SPEI. The drought indices for 1994 to 1999,
Figures 20 and 22, show the drought conditions in Florida, specifically the west side.
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Figure 20: The SPEI values between 1994 and 1999 and the average value per grid cell.

Figure 21: The SPEI values between 1999 and 2004 and the average value per grid cell.
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Figure 22: The SPI values between 1994 and 1999 and the average value per grid cell.

Figure 23: The SPI values between 1999 and 2004 and the average value per grid cell.
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4.2 Multicollinearity
The correlation matrix, seen in Figure 24, exposes where multicollinearity is present and
reveals which variables are strongly correlated to species richness. The two triangular halves of
the matrix contain the same data but is presented two ways. The size and color of the circles
denote the correlation’s magnitude and direction; either positive or negative. The opposite half
displays the Pearson’s r correlation value with color coded text representing the magnitude and
direction. Forested area shows moderate levels of correlation to mean temperature (-0.38),
temperature seasonality (0.45), precipitation seasonality (-0.46), and both drought indices for the
1994-1999 time period (SPEI 0.45, SPI 0.38). These moderate correlations indicate how forest
size is influenced by climatic conditions. The depth to water shows a strong correlation with
mean temperature (-0.74) and moderate relationships with temperature (0.59) and precipitation
seasonality (-0.58) which are all drivers of the hydraulic cycle. The soil properties, available
water storage and hydrologic group, show low correlations to the other explanatory variables.
Mean temperature and temperature seasonality exhibit a strong negative relationship to
one another (-0.95). Both temperature variables show similar correlation strength to other
variables but in inverse directions. The mean annual temperature variable shows strong
relationships with the depth to water table, precipitation seasonality (0.89), SPEI 1994-1999 (0.77), and SPI 1994-1999 (-0.72). Temperature seasonality exhibits a strong relationship with
precipitation seasonality (-0.93), SPEI 1994-1999 (0.83), and SPI 1994-1999 (0.76). The strong
relationship of the two temperature variables to the drought indices are expected but it’s
surprising that SPI 1999-2004 does not exhibit a strong relationship with the temperature
variables when the SPEI 1999-2004 does exhibit a strong correlation. The differences in
relationships are likely due to the variables SPI and SPEI use to calculate drought. SPEI
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incorporates monthly mean temperatures and monthly precipitation while SPI only requires
monthly precipitation. The drought indices exhibit a strong positive correlation between indices
of the same time period; 0.97 and 0.84. SPI 1999-2004 exhibits little to no correlation to any
other explanatory variable expect for SPEI 1999-2004. Annual precipitation exhibits low to no
correlations with the explanatory variables.
The correlation matrix also includes the correlation strength between richness and the
twelve explanatory variables. A strong correlation to species richness does not indicate the

Figure 24: Correlation plot between species richness and the twelve explanatory variables.
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strength of a variable’s explanatory power. Species richness exhibited fairly strong correlations
to the forested area (0.66), mean temperature (-0.69), temperature seasonality (0.74), and
precipitation seasonality (-0.69). Annual precipitation exhibited a very weak correlation to
species richness. The SPEI and SPI for 1994-1999 exhibited moderate correlations of 0.6 and
0.52 to species richness but the drought indices for 1999-2004 showed correlations of less than
0.35.
4.3 Variable Selection
The LASSO preforms by shrinking the variable coefficients and removing them in order
to select the variables that have the most influence. Table 4 lists the twelve variables based on
the order in which they were excluded by LASSO. Temperature seasonality was ranked at 1st
since it outlasted the other variables, indicating it has a strong level on influence while
precipitation seasonality ranked 12th, suggesting it has the least amount of influence. Figures 25
and 26 show the LASSO coefficient paths of the variables that are removed from the model until
none remain. The complete output of coefficients at multiple iterations can be seen in Appendix
C.
The number of non-zero variables is indicated across the upper x-axis and the y-axis
denotes the regression coefficient. The majority of variables are clustered together at low
coefficient values which make it difficult to delineate which variables were selected. Figure 25
shows the forested area variable and temperature seasonality outlasting the other variables in the
variable selection. Majority of the variables are indistinguishable from one another due to a tight
packing of variables with similar coefficient values in Figure 25. The SPEI and SPI variables
between 1999 and 2004 both have high coefficient values upon entering the model but they
sharply decrease as the model continues. A similar pattern is seen with SPEI 1994 – 1999, but
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not with SPI 1994 – 1999. Variables in the cluster appear to outlast both SPEI values that entered
the model with higher coefficient values. Figure 26 illustrates how temperature seasonality and
forested area account for majority of the deviance seen in the observed species richness.
The temperature seasonality is the most influential explanatory variable in the model. The
forested area variable ranks second and the water table depth and available water storage rank
third and fourth as most explanatory. The hydrologic group ranks fifth with the SPI 1999 to 2004
at sixth. The remaining variables in order of explanatory power are SPI 1994-1999, mean
precipitation, SPEI 1999-2004, mean temperature, SPEI 1994-1999, and precipitation
seasonality.
The cross validation of the model, Figure 27, shows the values of λ as two vertical dotted
lines intercepting the cross validation path, the red dotted lines. The line to the left is λ min and λ
1se is on the right. The λ min selected by cross validation, 0.007818616, includes all twelve
variables while the λ 1se, 0.222677, contains six of the twelve variables. A decrease in Poisson
deviance, seen on the y-axis in Figure 27, corresponds to a better goodness of fit in the predicted
values. Both the λ min and the λ 1se exhibit deviance values below 2. Table 5 shows the variable
coefficients for all the variables at both λ values.
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Table 4: The rank of influence of variables on observed species richness. The ranking is based
on the order of exclusions in the LASSO algorithm. A rank of 12 corresponds to the variables
with the least influence and was the first excluded from the LASSO while a rank of 1
corresponds to the variable with the most influence and was the last to be excluded.
Rank of Influence

Variables

1
2
3
4
5
6
7
8
9
10
11
12

Temperature Seasonality
Forested Area
Depth to Water Table
Available Water Storage
Hydrologic Group
SPI 1999-2004
SPI 1994-1999
Annual Precipitation
SPEI 1999-2004
Mean Temperature
SPEI 1994-1999
Precipitation Seasonality
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Figure 25: Graph of each variable’s path and coefficient value over change in log lambda. The
number of non-zero variables is indicated across the upper x-axis and the y-axis denotes the
regression coefficient. Most of the variables are barely visible on the graph because of their small
regression coefficients which are tightly clustered with other variables.
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Figure 26: Graph of each variable’s path and coefficient value over change in fraction of
deviance explained. The number of non-zero variables is indicated across the upper x-axis and
the y-axis denotes the regression coefficient. Most of the variables are barely visible on the graph
because of their small regression coefficients which are tightly clustered with other variables.

61

Figure 27: The cross validation curve with the upper and lower standard deviations with
the two lambda values as vertical lines.
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Table 5: The coefficients of each variable at both values of λ. If the variable does not have a
coefficient value, then the variable is excluded.

Forested Area
Depth to Water Table
Available Water Storage
Hydrologic Group
Mean Temperature
Temperature Seasonality
Annual Precipitation
Precipitation Seasonality
SPEI 1994-1999
SPEI 1999-2004
SPI 1994-1999
SPI 1999-2004

Lambda
Minimum (λ min)
0.007818616

Lambda
1 standard error (λ 1se)
0.222677

0.0458129700
0.0090200210

0.0465100679
0.0033075535

0.0093239150

0.0063894757

0.0042696910

0.0012777620

0.0064605120
0.0004164319

.
0.0002776736

0.0001279133

.

0.0000710457

.

-0.061732340
0.180195900

.
.

-0.003466599

.

-0.181124600

-0.004992955

4.4 Prediction Model
Figure 28, illustrates the observed species richness by grid cell. The two predicted
richness models are shown with the same symbology in Figures 29 and 30. The observed
richness values were highest in the northern areas of Georgia and South Carolina and throughout
Alabama. The richness values are lowest at the tip of the Florida peninsula and at the boundary
between Georgia and Florida. Figure 29 shows the predicted richness values of λ min. The model
produced a smooth change in richness values that mirrors the observed richness gradient. The
predicted richness decreases closer to coastal areas and with latitude on the peninsula. Although
the values of λ selected a different number of variables, both prediction maps were similar. The
predicted values from λ 1se, Figure 30, show the highest values are still at the northern edge and
the lowest are in coastal areas and in the peninsula. The predicted richness maps failed to capture
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the scattered regions of mid to high levels of richness seen along the Florida panhandle but
overall produced a smooth inverse LDG reflective of the observed values.
The two sets of predicted values appear to be very similar in the predicted values and
their spatial patterns. The differences in spread of richness values, seen in Table 6, show how
well the predicted values match the observed richness dataset. The models predicted the mean
and median values well but failed to predict values below 4.56 in the λ min model and 5.35 in
the λ 1se model, which were seen in the observed data set. The maximum value observed was 52
but the λ min model predicted a slightly higher maximum value at 53.69 and λ 1se predicted a
maximum value of 49.13. Figures 31 and 32 display the residual values between the observed
and predicted values by grid cell in the study area. The lighter colored cells show areas that were
predicted well by the model and were close to the observed value while darker cells represent
areas where the models did not predict the richness value accurately. Several of these grid cells
that denote large differences between the predicted and observed values are scattered throughout
the study area which is due to unusually high or low observed richness for the area which is not
explained by the subset of variables.
Table 6: Comparison of the data spread between the observed and predicted species richness
values for the grid cells.
Observed
Minimum
1st Quartile
Mean
Median
3rd Quartile
Maximum

1.00
17.00
24.21
26.00
32.00
52.00
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Predicted Predicted
λ min
λ 1se
4.56
5.35
18.92
19.23
24.21
24.21
25.15
25.38
30.78
30.67
53.69
49.13

Figures 33 and 34 compare the observed species richness, dark blue points, to the
predicted richness, light blue points, by grid cell. The observed richness exhibits a stairway look
due to the integer format of the observed richness while the predicted richness values are
continuous. Both graphs are plotted by individual grid cell values with observed species richness
increasing on the x-axis. Both graphs are similar and show the variations of ±10 in the predicted
richness value compared to the observed value. The Efron’s pseudo R2 values (hereafter pseudo
R2) for the predicted values produced by λ min was 0.707548 while the model produced with λ
1se was 0.691747. The similar pseudo R2 values suggests those six variables used in both models
(forested area, depth to water table, available water storage, hydrologic group, temperature
seasonality, and SPI 1999-2004) were the most explanatory and the six not included lack
explanatory power.
The Global Moran’s I, seen in Figure 35, identified that both residual maps, Figures 31
and 32, exhibited a significant clustered pattern. The z-scores greater than 2.50, seen in Table 7,
determined the significance level of the pattern is less than 0.01. The positive Global Moran I
value represents a clustered pattern while a negative value would suggest a dispersed pattern.
Given the z-scores, there is a less than 1% likelihood that the clustered pattern is the result of
random chance. Ideally the residual maps would exhibit a random distribution which would
indicate that the explanatory variables predicted majority of the variance and pattern seen in the
observed richness. The clustered pattern suggests there is either an important explanatory
variable missing from the regression or there is an error with the prediction or residual maps.
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Figure 28: Map of the observed species richness of grid cells.
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Figure 29: The predicted species richness as modeled by the variables selected by lambda
minimum.
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Figure 30: The predicted species richness as modeled by the variables selected by lambda
1 standard error.
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Figure 31: Difference between observed and predicted richness, with lambda minimum, by
grid cell.
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Figure 32: Difference between observed and predicted richness, with lambda 1 standard
error, by grid cell.
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Figure 33: Graph of the observed and predicted richness using lambda minimum.

Figure 34: Graph of the observed and predicted richness using lambda one standard error.
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Figure 35: Global Moran’s I graph for λ min and λ 1se residual. Both residual maps exhibited a
significant cluster pattern.

Table 7: Global Moran’s Index values for λ min and λ 1se.
Variable Subset
λ min
λ 1se

Moran’s
z-score
Index
0.128774 8.991580
0.147087 10.262794
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p-value
<0.01
<0.01

DISCUSSION
5.1 Comparison of Prediction Models
The two prediction models produced similar pseudo-R2 values between the observed and
predicted species richness even though the variable selections were considerably different. The
forested area, depth to water table, available water storage, hydrologic group, temperature
seasonality, and SPI 1999-2004 were the variables selected for under λ min and λ 1se. The
amount of deviance explained by the two variable subsets only slightly differed, suggesting the
six variables not included in λ 1se selection (mean annual temperature, annual precipitation,
precipitation seasonality, SPEI 1994-1999, SPEI 1999-2004, SPI 1994-1999) lack significant
explanatory power.
The residual maps, seen in Figures 31 and 32, show the comparison of observed and
predicted richness values by grid cell. Differences seen ranged from 0 to 21 species per 20 km2
grid cell. Grid cells with these large discrepancies are dispersed throughout the study area with
visible clusters seen in northwest Florida, southeast Georgia, and southwest Alabama. The
discrepancy grid cells and clusters of the two prediction models were located in identical grid
positions. Although the residual values appear to appear to be randomly distributed with a few
clusters, the Global Moran’s Index has determined the spatial autocorrelation to be significantly
clustered (P-value of < 0.01). The inverse LDG seen in the predicted values are a result of the
selected environmental factors, not random chance. It is likely that another explanatory variable
not included in this study will strongly influence the observed species richness trends in the
southeastern United States. Richness-climate relationships are estimated to account for more than
80% of the spatial variation in richness (Francis and Currie, 2003). Mean annual temperature,
annual water deficit, and annual potential evapotranspiration have shown to have a consistently,
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strong relationship to angiosperm richness across the globe (Francis and Currie, 2003). Fan and
Waring (2009) determined actual evapotranspiration (AET) was strongly associated with tree
species richness in the eastern U.S. The inclusion of additional climate related variables, such as
evapotranspiration and water deficit, may produce more accurate prediction maps.
5.2 Explanatory Variables
The temperature seasonality and forested area were the two most influential variables.
The groundwater and soil explanatory variables performed well and show potential in future
research of tree species richness predictions. Further analysis of each explanatory variable’s
influence on species richness and its performance in the LASSO variable selection are discussed
in sections 5.2.1 to 5.2.4.
5.2.1 Forested Area
The forested area variable demonstrated a moderate correlation to species richness (0.66)
but was the second most influential variable in the LASSO variable selection. The model
supports the species-area hypothesis where tree species richness is largely influenced by the size
of forest patches. The forested area of southern Florida is limited according to the FIA Phase 1
standards of forest classification. Only a few plots, seen in Figure 12, are found on the Florida
Keys and the southern tip of the peninsula. Gillespie (2005) aimed to fill this data gap by
predicting woody-plant species richness in the tropical dry forests of the area. The study utilized
Landsat satellite images to assess landscape variables (such as area, nearest neighbor distance,
and boundary complexity) and spectral indices of Normalized-Difference Vegetation Index
(NDVI) to predict richness at the stand and patch level. Field sampling of 18 stands revealed
4,248 woody plants from 71 different species. The forest patch area proved to be a highly
influential variable of species richness in southern Florida just as seen in the LASSO variable
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selection of the larger study area (Gillespie, 2005). Perhaps an approach to incorporate local
studies of richness with the FIA census needs to be formulated to better understand diminishing
habitats like the tropical dry forest found on the southern tip of the Florida peninsula.
5.2.2 Groundwater
The depth to water table appeared to be the third most influential variable and was
included in both variable subsets (Appendix C). Although not the strongest explanatory variable,
the depth to water table shows potential in predicting species richness in the region. Woody
wetlands and swamps are spread throughout the coastal areas of the study area and were initially
hypothesized to limit tree species richness. Generally, areas of low species richness were seen in
areas containing a shallow water table which advocates the potential influence of the shallow
water table on richness. The depth to water table variable performed well in the LASSO and
ranked third in terms of influence on observed species richness (Table 4).
Previous research on plant richness trends in arid environments found groundwater to be
a limiting factor and a highly influential variable (Allen-Diaz, 1991; Horton et al., 2001).
Groundwater is expected to have a stronger influence on richness in arid environments where
water is limited but this study suggests groundwater slightly influences richness values in
temperate, humid regions. This study did not assess the influence of seasonal changes in the
water table on tree species richness due to the lack of available data but researchers have found
the variation in depth to influence richness and tree mortality (Allen-Diaz, 1991; Braun, 2004).
The simulated depth to water table may not accurately depict areas of localized
depression due to agricultural pumping. Although localized depressions would not likely have
affected this study’s results due to the methodology of averaging the explanatory variables by
grid cell. Also, the depth to water table dataset contained a small quantity of dispersed cells with
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unusually high values that may be a consequence of using a simulated dataset. Those unusually
high cells may be outliers and could possibly produce erroneous averaged grid cell values.
5.2.3 Soil Properties
The soil properties demonstrated a small degree of influence on species richness.
Available water storage proved to be slightly more influential than the hydrologic group.
Research assessing the influence of available water storage and hydrologic group has been
limited but soil properties may be more influential in other regions with different environmental
constraints and tree species. For example, Beedlow et al. (2013) found the available water
storage to have a strong effect on the growth of Douglas-firs in Oregon. But Fan and Waring
(2008) found the available water storage to be strong predictor of tree species richness of
ecoregions in the southern United States. Both soil properties demonstrated weak correlations to
species richness but proved to be more influential than other variables that held strong
correlations to species richness, such as precipitation seasonality.
The groundwater and soil explanatory variables are loosely related. The three variables
represent water availability to trees either as the water table, water between soil pore spaces, and
in the water’s ability to infiltrate the soil. The water table depth, available water storage, and
hydrologic groups’ variables exhibited extremely weak correlations between one another. Water
table depth’s correlation to available water storage was 0.06 and 0.16 to hydrologic group. The
two soil variables are based on soil texture and only share a 0.10 correlation with each other.
The available water storage variable only exhibited minor, gradual changes between grid
cells across the study area and only represented the water storage found in the upper 1.5 meters
of soil. Tree roots can reach several meters below the ground surface. The depth to water table
may have a greater influence on richness due tree roots ability to access water from saturated
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soils deeper than 1.5 meters. Also, the available water storage and hydrologic group are strongly
tied to soil textures, which may demonstrate the wide environmental tolerance of soil textures
exhibited by trees in this region.
5.2.4 Climate
Temperature seasonality was the most influential variable of observed richness. Mean
temperature and annual precipitation were not included in both variable subsets. They proved to
have little influence on species richness although mean temperature exhibited a strong
correlation to species richness. Climate variables, such as mean temperature and temperature
seasonality, are the focal point of several LDG mechanisms and were hypothesized to influence
the inverse LDG pattern seen in the study area. Precipitation seasonality was ranked as the least
influential variable which is surprising as temperature and precipitation variables are commonly
the most influential on plant diversity and distribution (Currie, 1991). The correlation analysis
revealed precipitation seasonality had a strong correlation to species richness but the model
determined the variables to have little to no explanatory power of species richness in the study
area.
Although LASSO handles multicollinearity well, LASSO will act indifferent to variables
with very strong correlations and will arbitrarily choose one of the highly correlated variables
and ignore the others (Friedman et al., 2010). Temperature seasonality had a correlation of -0.93
to precipitation seasonality and a correlation of -0.95 to mean temperature. This may explain
why mean temperature and precipitation seasonality were considered to have very low influence
on richness while other researchers have found it to be a strong determinant of richness (Currie,
1991; Hawkins et al., 2003).
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The map of the unaltered annual precipitation dataset, Figure 18, exhibits a possible data
discrepancy. The area on the west coast of the Florida peninsula depicts a circular region where
the annual precipitation is surprisingly low compared to nearby measurements. This area may be
due to a miscalculation in the dataset or an error with a weather station. No alterations to the
dataset or methodology were made since the possible error was not confirmed or mentioned in
supporting literature of the data provider, WorldClim, or the PRISM dataset.
The drought indices showed mixed results. Only SPI 1999-2004 was included in the λ1se
variable subset. SPI 1999-2004, SPI 1994-1999, and SPEI 1999-2004 ranked sixth, seventh, and
eighth of the twelve variables according to their influence on species richness. SPEI 1994-1999
was the second least influential variable. This suggests the SPI drought indices were more
influential of species richness than the SPEI. Also, the drought indices covering from 1999-2004
were more influential than their corresponding index covering 1994-1999 even though the 19941999 indices exhibited stronger correlations to species richness. The drought indices for 19992004 exhibited wetter conditions than the 1994-1999 drought indices on the peninsula. The
results loosely support a lag effect as the later time period of each drought index exhibited a
greater influence on tree species richness than the earlier time period suggesting the conditions
seen in 1999 to 2004 had a stronger influence on tree species richness measurements taken from
2004 to 2013.
Crumpacker et al. (2001) modelled how global climate change may affect the distribution
and richness of native trees in Florida over a 100-year period of warming. The climate models
ranged from increasing annual temperature 1º C to 2º C and altering the annual mean
precipitation from +10% to -20%. Extensive disruption to major woody ecosystems was
predicted under some of the 1º C annual warming models and under all of the 2º C annual

78

warming models. Crumpacker et al. (2001) recommends increasing forest conservation efforts
and potentially translocating subtropical tree species to the temperate-subtropical transition zone
where tree mortality is expected. By identifying temperature seasonality and forested areas as
highly influential variables of tree species richness, forest and land managers of the study area
should make an effort to preserve and increase forest patch sizes to help combat the anticipated
effects of climate change on tree species richness.
5.3 Comparison of the Influence of the Forested Area
The inclusion of the forested area variable evaluates the influence of the species-area
hypothesis in the study area and is the only variable that can be quickly altered due to
anthropogenic pressures. The other explanatory variables are abiotic variables that are affected
by anthropogenic pressures, but changes are typically very gradual. For example, global climate
change will alter the mean and seasonality of temperature and precipitation, but the effects on
species richness will occur gradually over a long time period. While the removal of forests for
agriculture or infrastructure development will have a strong impact on the diversity of that forest
patch within a shorter time period. The exclusion of the area variable revealed different variable
subsets and different influential abilities of the explanatory variables.
Temperature seasonality, depth to water table, available water storage, hydrologic group,
and SPI 1999-2004 preformed similarly in terms of their influence in both LASSO models.
Temperature seasonality remained the most influential variable. The variable selections
performed with and without the forested area included the most explanatory variables listed in
Section 5.1 (temperature seasonality, depth to water table, available water storage, hydrologic
group, and SPI 1999-2004) for both λ min and λ 1se selections. The selection of these variables
suggests they have significant explanatory power of tree species richness in the study area. A
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major difference between the variable selection with and without the forested area is how the
precipitation seasonality variable preformed. Precipitation seasonality showed the least amount
of influence (Appendix E, F, G, H) and was omitted from the λ 1se variable selection in the
statistics including forested area but precipitation seasonality was the second most influential
variable when forested area was omitted (Appendix H). The difference in the performance of
precipitation seasonality may be due to the strong correlation if exhibits with temperature
seasonality and how LASSO is able to handle exceptionally strong correlations.
5.4 Omitted Variables
The selection of explanatory variables was based on extensive literature reviews that have
suggested a stronger influence of specific variables on tree species richness. Additional variables
that were initially considered in the study included hydric soil classification and additional water
table depth measurements. The gSSURGO offers hydric soil classification which denotes areas
of prolonged saturation that results in and anaerobic environment with accumulations or losses of
iron manganese, sulfur, or carbon compounds (Vasilas et al., 2010). However, the hydric soils
map was only partially completed and large portions of the study contained no classification of
the presence of hydric conditions. Another variable considered as part of the gSSURGO database
is annual minimum water table depth and minimum water table depth between April and June.
However, both variables lacked complete spatial coverage of the study area and was therefore
omitted. Soil moisture and temperature regimes were initially included but the study area only
encompassed two classifications of the variables. The study area included aquic and udic soil
moisture regimes, and hyperisothermic and hyperthermic temperature regimes. Binomial
variables are not handled well by LASSO and therefore were omitted.
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5.5 Issue of Extent and Grain Size of Analysis
The spatial extent and grain size chosen for analysis can influence the results.
Discrepancies in existing research on the explanatory variables that determine species richness
may be due to differences of spatial scale and perceptions. Large-scale studies on species
richness trends typically assume the patterns seen are scale invariant (Rahbek, 2008). Alterations
to the grain size of 20 km2 grid cells would likely yield different results but could be used to
verify most influential variables. The extent was chosen based on the inclusion of a gradient in
species richness, variations in landforms and forest types. The exclusion of Alabama or Florida,
which contain the highest and lowest species richness value, from the study would skew the
richness observations and there the selection of the most explanatory variable. Changes in the
grain size can reveal species richness trends that were unobserved at the current grain size. While
the grain size of 20 km2 grid cells is a common due to the FIA sampling intensity, alterations to
the grain size could potentially confirm the result of the most influential variables. Rahbek
(2008) illustrated how alterations to the grain size can greatly distort the original data distribution
and spatial pattern and recommended a continuous effort to identify how species richness
patterns vary as a function of scale and identify consistent patterns in scale effects.
The richness, forested area, groundwater, soil, and climate variables were all sampled
using different methods and therefore have spatial and temporal differences. The extent and grain
size of the variables all differed due to the nature of the variables and how the data was collected.
While the species richness variable was collected between 2004 and 2013, the other variables,
especially the soil properties, were collected over a larger time period. The incongruity of the
spatial and temporal details may have affected the variable selection.
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CONCLUSION
The inverse LDG of tree species richness seen from northern Georgia and Alabama to the
southern tip of the Florida peninsula is strongly influenced by a combination of forested area,
climate, groundwater, and soil properties. The combination of six variables; temperature
seasonality, forested area, depth to water table, available water storage, hydrologic group, and
SPI 1999-2004 demonstrated a strong ability to predict richness with an pseudo-R2 value of
0.6917. The inclusion of the remaining six explanatory variables; SPI 1994-1999, annual
precipitation, SPEI 1999-2004, annual mean temperature, SPEI 1994-1999, and temperature
seasonality, only increased the pseudo-R2 value by 0.0158 suggesting these variables were less
adept at predicting tree species richness in the study area. The region-specific Peninsula Effect
and inverse LDG seen in tree species richness in the southeastern United States are principally
influenced by temperature seasonality and forested area.
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Appendix A: Table of all species found in the study area from most to least frequent.
The Species ID is a unique value assigned by the FIADB which specifies the common name,
genus, and species. The Count value shows the count of unique trees within the study that were
classified as certain species.
Species ID
131
111
611
827
316
694
820
621
121
222
802
653
693
110
132
812
762
491
107
711
403
544
409
971
838
832
912
835
68

Count
165693
59275
42470
24258
23302
16552
12769
11692
10176
9948
8278
7453
6494
6476
6101
5849
5836
5085
4935
4866
4364
4344
4197
4066
4028
3966
3924
3767
3645

391

3423

221
555
721
691
591

3041
3029
2657
2593
2332

Common Name
loblolly pine
slash pine
sweetgum
water oak
red maple
swamp tupelo
laurel oak
yellow-poplar
longleaf pine
pondcypress
white oak
sweetbay
blackgum
shortleaf pine
Virginia pine
southern red oak
black cherry
flowering dogwood
sand pine
sourwood
pignut hickory
green ash
mockernut hickory
winged elm
live oak
chestnut oak
cabbage palmetto
post oak
eastern redcedar
American hornbeam,
musclewood
baldcypress
loblolly-bay
redbay
water tupelo
American holly
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Genus
Pinus
Pinus
Liquidambar
Quercus
Acer
Nyssa
Quercus
Liriodendron
Pinus
Taxodium
Quercus
Magnolia
Nyssa
Pinus
Pinus
Quercus
Prunus
Cornus
Pinus
Oxydendrum
Carya
Fraxinus
Carya
Ulmus
Quercus
Quercus
Sabal
Quercus
Juniperus

Species
taeda
elliottii
styraciflua
nigra
rubrum
biflora
laurifolia
tulipifera
palustris
ascendens
alba
virginiana
sylvatica
echinata
virginiana
falcata
serotina
florida
clausa
arboreum
glabra
pennsylvanica
alba
alata
virginiana
prinus
palmetto
stellata
virginiana

Carpinus

caroliniana

Taxodium
Gordonia
Persea
Nyssa
Ilex

distichum
lasianthus
borbonia
aquatica
opaca

Species ID

Count

Common Name

Genus

Species

819
806
831
837
521
972
922
701
461
833
531
311
128
841
652
129
824
931
373
993
813
407
840
313
115
731
541
471
548
992
545
975
825
925
682
994
842
822
261
500

2154
2006
1740
1739
1673
1615
1398
1398
1335
1309
1147
1143
1016
971
938
863
827
818
743
721
720
711
699
663
625
613
594
566
562
558
556
542
516
494
475
432
407
377
373
353

turkey oak
scarlet oak
willow oak
black oak
common persimmon
American elm
black willow
eastern hophornbeam
sugarberry
northern red oak
American beech
Florida maple
pond pine
dwarf live oak
southern magnolia
eastern white pine
blackjack oak
sassafras
river birch
chinaberry
cherrybark oak
shagbark hickory
dwarf post oak
boxelder
spruce pine
American sycamore
white ash
eastern redbud
Carolina ash
melaleuca
pumpkin ash
slippery elm
swamp chestnut oak
coastal plain willow
red mulberry
Chinese tallowtree
bluejack oak
overcup oak
eastern hemlock
hawthorn spp.

Quercus
Quercus
Quercus
Quercus
Diospyros
Ulmus
Salix
Ostrya
Celtis
Quercus
Fagus
Acer
Pinus
Quercus
Magnolia
Pinus
Quercus
Sassafras
Betula
Melia
Quercus
Carya
Quercus
Acer
Pinus
Platanus
Fraxinus
Cercis
Fraxinus
Melaleuca
Fraxinus
Ulmus
Quercus
Salix
Morus
Triadica
Quercus
Quercus
Tsuga
Crataegus

laevis
coccinea
phellos
velutina
virginiana
americana
nigra
virginiana
laevigata
rubra
grandifolia
barbatum
serotina
minima
grandiflora
strobus
marilandica
albidum
nigra
azedarach
pagoda
ovata
margarettiae
negundo
glabra
occidentalis
americana
canadensis
caroliniana
quinquenervia
profunda
rubra
michauxii
caroliniana
rubra
sebifera
incana
lyrata
canadensis
spp.
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Species ID

Count

Common Name

Genus

Species

43
692
401
404
462
989
654
988
901
826
345
602
410
402
986
67
372
951
722
766

343
335
293
270
264
255
254
247
241
239
230
228
222
207
189
167
167
151
148
148

Atlantic white-cedar
Ogeechee tupelo
water hickory
pecan
hackberry
American mangrove
bigleaf magnolia
white-mangrove
black locust
chinkapin oak
mimosa, silktree
black walnut
sand hickory
bitternut hickory
black-mangrove
southern redcedar
sweet birch
American basswood
water-elm, planertree
American plum

thyoides
ogeche
aquatica
illinoinensis
occidentalis
mangle
macrophylla
racemosa
pseudoacacia
muehlenbergii
julibrissin
nigra
pallida
cordiformis
germinans
virginiana
lenta
americana
aquatica
americana
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147

other palms

356
641
953
742
412
581
651
662
552
744
987
834
999
126
318
367
341
828

139
138
137
117
114
111
94
89
82
82
81
77
76
75
73
61
58
56

serviceberry spp.
Osage-orange
Carolina basswood
eastern cottonwood
red hickory
Carolina silverbell
cucumbertree
southern crab apple
honeylocust
swamp cottonwood
buttonwood-mangrove
Shumard oak
Other or unknown live tree
pitch pine
sugar maple
pawpaw
ailanthus
Texas red oak

Chamaecyparis
Nyssa
Carya
Carya
Celtis
Rhizophora
Magnolia
Laguncularia
Robinia
Quercus
Albizia
Juglans
Carya
Carya
Avicennia
Juniperus
Betula
Tilia
Planera
Prunus
Family
Arecaceae
Amelanchier
Maclura
Tilia
Populus
Carya
Halesia
Magnolia
Malus
Gleditsia
Populus
Conocarpus
Quercus
Tree
Pinus
Acer
Asimina
Ailanthus
Quercus
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not listed above
spp.
pomifera
americana
deltoides
ovalis
carolina
acuminata
angustifolia
triacanthos
heterophylla
erectus
shumardii
unknown
rigida
saccharum
triloba
altissima
texana

Species ID

Count

Common Name

Genus

Species

858
332
853
712
808
860
920
952
513
317
323
502
655
451
405
764
876
660
658
998
371
551
681
123
976
760
886
601
913
501
882
262
800
857
996
421
422
761
970
854

53
50
47
43
43
40
39
38
35
33
32
30
30
25
25
25
23
22
21
20
19
19
18
16
15
15
14
14
12
11
10
10
10
10
9
9
9
9
8
8

camphortree
yellow buckeye
pond-apple
paulownia, empress-tree
Durand oak
citrus spp.
willow spp.
white basswood
grand eucalyptus
silver maple
chalk maple
downy hawthorn
mountain or Fraser magnolia
southern catalpa
shellbark hickory
peach
Florida strangler fig
apple spp.
umbrella magnolia
Unknown dead hardwood
yellow birch
waterlocust
white mulberry
Table Mountain pine
September elm
cherry and plum spp.
Florida poisontree
butternut
key thatch palm
cockspur hawthorn
beeftree, longleaf blolly
Carolina hemlock
oak spp.
belah
smoketree
American chestnut
Allegheny chinkapin
pin cherry
elm spp.
gumbo limbo

Cinnamomum
Aesculus
Annona
Paulownia
Quercus
Citrus
Salix
Tilia
Eucalyptus
Acer
Acer
Crataegus
Magnolia
Catalpa
Carya
Prunus
Ficus
Malus
Magnolia
Tree
Betula
Gleditsia
Morus
Pinus
Ulmus
Prunus
Metopium
Juglans
Thrinax
Crataegus
Guapira
Tsuga
Quercus
Casuarina
Cotinus
Castanea
Castanea
Prunus
Ulmus
Bursera

camphora
flava
glabra
tomentosa
sinuata
spp.
spp.
americana
grandis
saccharinum
leucoderme
mollis
fraseri
bignonioides
laciniosa
persica
aurea
spp.
tripetala
broadleaf
alleghaniensis
aquatica
alba
pungens
serotina
spp.
toxiferum
cinerea
morrisii
crus-galli
discolor
caroliniana
spp.
lepidophloia
obovatus
dentata
pumila
pensylvanica
spp.
simaruba
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Species ID

Count

Common Name

Genus

Species

580
887
940
400
408
540
804
845
863
406
413
973
520
720
763
873
907
896
314
330
381
680
836
844
909
891
929
950
997
100
315
450
571
740
771
816
823

7
6
6
6
5
5
5
5
5
4
4
3
3
3
3
3
2
2
2
2
2
2
2
2
1
1
1
1
1
1
1
1
1
1
1
1
1

silverbell spp.
fishpoison tree
West Indian mahogany
hickory spp.
black hickory
ash spp.
swamp white oak
dwarf chinkapin oak
tietongue, pigeon-plum
nutmeg hickory
southern shagbark hickory
cedar elm
persimmon spp.
bay spp.
chokecherry
red stopper
Florida silver palm
Java plum
black maple
buckeye, horsechestnut spp.
chittamwood, gum bumelia
mulberry spp.
Delta post oak
Oglethorpe oak
royal palm spp.
white bully, willow bustic
weeping willow
basswood spp.
Russian-olive
pine spp.
striped maple
catalpa spp.
Kentucky coffeetree
cottonwood and poplar spp.
sweet cherry, domesticated
scrub oak
bur oak

Halesia
Piscidia
Swietenia
Carya
Carya
Fraxinus
Quercus
Quercus
Coccoloba
Carya
Carya
Ulmus
Diospyros
Persea
Prunus
Eugenia
Coccothrinax
Syzygium
Acer
Aesculus
Sideroxylon
Morus
Quercus
Quercus
Roystonea
Sideroxylon
Salix
Tilia
Elaeagnus
Pinus
Acer
Catalpa
Gymnocladus
Populus
Prunus
Quercus
Quercus

spp.
piscipula
mahagoni
spp.
texana
spp.
bicolor
prinoides
diversifolia
myristiciformis
carolinae-septentrionalis
crassifolia
spp.
spp.
virginiana
rhombea
argentata
cumini
nigrum
spp.
lanuginosum
spp.
similis
oglethorpensis
spp.
salicifolium
sepulcralis
spp.
angustifolia
spp.
pensylvanicum
spp.
dioicus
spp.
avium
ilicifolia
macrocarpa
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Appendix B: R Statistical Script
library(gstat)
library(glmnet)
library(car)
library(corrplot)
setwd("G:/Thesis 2016/Stats/")
df <- read.table("G:/Thesis 2016/Stats/PredictedJune4.txt", header=TRUE, sep="\t",
na.strings="NA", dec=".", strip.white=TRUE)
summary(df)
cor1 <- as.matrix(df[,c(2:14)])
cor2 <- cor(cor1)
corrplot(cor2, method="circle", type="upper", tl.col="black", tl.srt=45)
return <- as.matrix(df$SppRichness)
return[1:2,]
data <- as.matrix(df[,c(3:14)])
data[1:2,]
dev.new()
par(mar = c(4.5,4.5,2.5,4))
Lassofit <- glmnet(data, return, family = "poisson", alpha = 1)
lbs_fun <- function(fit, ...) {
L <- length(fit$lambda)
x <- log(fit$lambda[L])
y <- fit$beta[, L]
labs <- names(y)
text(x, y, labels=labs, ...)
legend('bottomright', legend=labs, col=1:length(labs), lty=1) }
plot(Lassofit, xvar = "lambda", label = TRUE)
lbs_fun(Lassofit)
plot(Lassofit, label = TRUE)
lbs_fun(Lassofit)
plot(Lassofit, xvar = "dev", label = TRUE)
lbs_fun(Lassofit)
print(Lassofit)
coef(Lassofit)
cvfit <- cv.glmnet(data, return, family="poisson", alpha = 1)
plot(cvfit)
print (names(cvfit))
print (cvfit)
opt.lam <- c(cvfit$lambda.min, cvfit$lambda.lse)
opt.lam
coef(cvfit, s = cvfit$lambda.min)
coef(cvfit, s = cvfit$lambda.1se)
cvfit$lambda.min
cvfit$lambda.1se
predict(cvfit,newx = data, type = "response", s=” lambda.min”)
predict(cvfit,newx = data, type = "response", s=” lambda.1se”)
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Appendix C: Coefficients of LASSO model
Count=Forest variable, WTD = Depth to water table, AWS150 = Available water storage, Hydro
= Hydrologic group, Bio1 = Mean temperature, Bio4 = Temperature seasonality, Bio12 = Mean
precipitation, Bio15= Precipitation seasonality, SPEI1994 = SPEI between 1994 and 1999,
SPEI1999 = SPEI between 1999 and 2004, SPI1994 = SPI between 1994 and 1999, SPI1999 =
SPI between 1999 and 2004.
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Hydro
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Bio4
Bio12
Bio15
SPEI1994
SPEI1999
SPI1994
SPI1999

7.144307e-01 7.012297e-01 0.6921986788 0.6838742319
4.596187e-02 4.618628e-02 0.0463559260 0.0465100679
2.976229e-03 3.100929e-03 0.0032113429 0.0033075535
5.486410e-03 5.848690e-03 0.0061343994 0.0063894757
9.458836e-05 5.511287e-04 0.0009353750 0.0012777620
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(Intercept) 0.6644359564 0.6436228855 0.6246413701 0.6074454746
Count
0.0466953455 0.0468764370 0.0470416540 0.0471930809
WTD
0.0033964523 0.0034821601 0.0035606553 0.0036334427
AWS150
0.0066977768 0.0070043145 0.0072842833 0.0075405668
Hydro
0.0016468821 0.0020057817 0.0023334835 0.0026341669
Bio1
.
.
.
.
Bio4
0.0002799073 0.0002823776 0.0002846277 0.0002866527
Bio12
.
.
.
.
Bio15
.
.
.
.
SPEI1994
.
.
.
.
SPEI1999
.
.
.
.
SPI1994
-0.0039431796 -0.0085664396 -0.0127777763 -0.0166012236
SPI1999
-0.0061325707 -0.0068969894 -0.0075967934 -0.0082342099
(Intercept) 5.977713e-01 5.914503e-01 5.862696e-01 4.456258e-01
Count
4.724577e-02 4.720853e-02 4.717289e-02 4.704601e-02
WTD
3.692641e-03 3.705857e-03 3.722978e-03 4.081584e-03
AWS150
7.703082e-03 7.756629e-03 7.808253e-03 7.896079e-03
Hydro
2.956920e-03 3.266577e-03 3.555856e-03 3.697461e-03
Bio1
.
.
.
4.300639e-04
Bio4
2.874127e-04 2.873746e-04 2.872529e-04 2.953282e-04
Bio12
2.522488e-06 8.962453e-06 1.470921e-05 2.183908e-05
Bio15
.
.
.
.
SPEI1994
.
.
.
.
SPEI1999
9.761614e-03 2.762891e-02 4.418207e-02 5.593049e-02
SPI1994
-2.056214e-02 -2.466174e-02 -2.837286e-02 -3.118551e-02
SPI1999
-1.785155e-02 -3.502927e-02 -5.092004e-02 -6.217022e-02
(Intercept) 2.753012e-01 1.180272e-01 -2.578251e-02 -1.581185e-01
Count
4.691505e-02 4.679784e-02 4.669102e-02 4.659277e-02
WTD
4.523326e-03 4.929629e-03 5.300064e-03 5.640746e-03
AWS150
8.005748e-03 8.108289e-03 8.201408e-03 8.286426e-03
Hydro
3.792991e-03 3.877239e-03 3.953167e-03 4.021262e-03
Bio1
9.535381e-04 1.436170e-03 1.877482e-03 2.283868e-03
Bio4
3.052466e-04 3.144316e-04 3.228375e-04 3.305762e-04
Bio12
2.863484e-05 3.482506e-05 4.045622e-05 4.557739e-05
Bio15
.
.
.
.
SPEI1994
.
.
.
.
SPEI1999
6.442952e-02 7.185784e-02 7.860688e-02 8.473622e-02
SPI1994
-3.354339e-02 -3.568599e-02 -3.763665e-02 -3.940653e-02
SPI1999
-7.031374e-02 -7.744179e-02 -8.392221e-02 -8.980980e-02
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(Intercept) -2.767495e-01 -3.868250e-01 -4.863891e-01 -5.770427e-01
Count
4.650504e-02 4.642339e-02 4.634982e-02 4.628288e-02
WTD
5.943734e-03 6.225618e-03 6.479325e-03 6.709737e-03
AWS150
8.362153e-03 8.431812e-03 8.494529e-03 8.551295e-03
Hydro
4.083929e-03 4.139780e-03 4.190768e-03 4.237075e-03
Bio1
2.647606e-03 2.985654e-03 3.291161e-03 3.569295e-03
Bio4
3.375223e-04 3.439666e-04 3.498011e-04 3.551161e-04
Bio12
5.024119e-05 5.448147e-05 5.834247e-05 6.185692e-05
Bio15
.
.
.
.
SPEI1994
.
.
.
.
SPEI1999
9.036275e-02 9.546865e-02 1.001298e-01 1.043843e-01
SPI1994
-4.103342e-02 -4.250310e-02 -4.384809e-02 -4.507461e-02
SPI1999
-9.521950e-02 -1.001287e-01 -1.046133e-01 -1.087084e-01
(Intercept) -6.596463e-01 -7.349168e-01 -8.034968e-01 -8.670991e-01
Count
4.622194e-02 4.616647e-02 4.611600e-02 4.606893e-02
WTD
6.919232e-03 7.109748e-03 7.283005e-03 7.444286e-03
AWS150
8.602757e-03 8.649441e-03 8.691808e-03 8.730764e-03
Hydro
4.279107e-03 4.317267e-03 4.351929e-03 4.382873e-03
Bio1
3.822712e-03 4.053612e-03 4.263968e-03 4.459392e-03
Bio4
3.599615e-04 3.643787e-04 3.684051e-04 3.721373e-04
Bio12
6.505616e-05 6.796869e-05 7.062039e-05 7.303283e-05
Bio15
.
.
.
.
SPEI1994
.
.
.
.
SPEI1999
1.082638e-01 1.117999e-01 1.150225e-01 1.179548e-01
SPI1994
-4.619268e-02 -4.721184e-02 -4.814087e-02 -4.898010e-02
SPI1999
-1.124438e-01 -1.158498e-01 -1.189548e-01 -1.217795e-01
(Intercept) -9.242482e-01 -9.761598e-01 -1.023392e+00 -1.066373e+00
Count
4.602699e-02 4.598893e-02 4.595434e-02 4.592293e-02
WTD
7.588331e-03 7.718882e-03 7.837467e-03 7.945208e-03
AWS150
8.765847e-03 8.797615e-03 8.826452e-03 8.852654e-03
Hydro
4.411363e-03 4.437350e-03 4.461015e-03 4.482564e-03
Bio1
4.634697e-03 4.793888e-03 4.938702e-03 5.070451e-03
Bio4
3.754949e-04 3.785460e-04 3.813230e-04 3.838509e-04
Bio12
7.523106e-05 7.723297e-05 7.905604e-05 8.071628e-05
Bio15
.
.
.
.
SPEI1994
.
.
.
.
SPEI1999
1.206229e-01 1.230586e-01 1.252787e-01 1.273007e-01
SPI1994
-4.975065e-02 -5.045400e-02 -5.109547e-02 -5.168049e-02
SPI1999
-1.243516e-01 -1.267004e-01 -1.288418e-01 -1.307925e-01
(Intercept)
Count
WTD
AWS150
Hydro
Bio1
Bio4
Bio12
Bio15
SPEI1994
SPEI1999
SPI1994
SPI1999

-1.107588e+00
4.589602e-02
8.045342e-03
8.879843e-03
4.499316e-03
5.194264e-03
3.863014e-04
8.252825e-05
.
-4.530892e-04
1.293033e-01
-5.184809e-02
-1.327253e-01

-1.167638e+00
4.588313e-02
8.172785e-03
8.934343e-03
4.485193e-03
5.357090e-03
3.900153e-04
8.682557e-05
.
-5.266667e-03
1.329198e-01
-4.831439e-02
-1.361996e-01

-1.235635e+00
4.587181e-02
8.310447e-03
8.994405e-03
4.453589e-03
5.535160e-03
3.941671e-04
9.304389e-05
.
-1.388796e-02
1.396319e-01
-4.145615e-02
-1.425989e-01
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-1.292703e+00
4.586198e-02
8.422399e-03
9.043976e-03
4.428778e-03
5.682971e-03
3.976508e-04
9.859078e-05
.
-2.154402e-02
1.459298e-01
-3.539677e-02
-1.486025e-01

(Intercept)
Count
WTD
AWS150
Hydro
Bio1
Bio4
Bio12
Bio15
SPEI1994
SPEI1999
SPI1994
SPI1999

-1.3438857902
0.0458531876
0.0085224529
0.0090884076
0.0044069855
0.0058154521
0.0004007773
0.0001035706
.
-0.0283830455
0.1515807900
-0.0299949399
-0.1539900504

-1.3914843225
0.0458449551
0.0086156356
0.0091295413
0.0043860264
0.0059386645
0.0004036823
0.0001082140
.
-0.0348078066
0.1568767873
-0.0249048933
-0.1590376112

-1.4338632214
0.0458376821
0.0086982707
0.0091662107
0.0043679678
0.0060482997
0.0004062716
0.0001123450
.
-0.0404779532
0.1615727505
-0.0204269360
-0.1635143466

-1.4726433697
0.0458310313
0.0087739221
0.0091997275
0.0043513287
0.0061486487
0.0004086411
0.0001161205
.
-0.0456641471
0.1658622717
-0.0163292042
-0.1676033923

(Intercept)
Count
WTD
AWS150
Hydro
Bio1
Bio4
Bio12
Bio15
SPEI1994
SPEI1999
SPI1994
SPI1999

-1.5079357259
0.0458249797
0.0088427080
0.0092301925
0.0043361898
0.0062399584
0.0004107977
0.0001195578
.
-0.0503842162
0.1697695639
-0.0126001524
-0.1713279972

-1.5406782215
0.0458193212
0.0089066380
0.0092583486
0.0043217404
0.0063246930
0.0004127968
0.0001227515
.
-0.0547975018
0.1734143788
-0.0091043947
-0.1748015235

-1.569948e+00
4.581543e-02
8.963322e-03
9.287981e-03
4.302092e-03
6.396476e-03
4.146171e-04
1.255015e-04
1.873564e-05
-5.850914e-02
1.767615e-01
-6.139651e-03
-1.779561e-01

-1.598506e+00
4.581297e-02
9.020021e-03
9.323915e-03
4.269691e-03
6.460512e-03
4.164319e-04
1.279133e-04
7.104577e-05
-6.173234e-02
1.801959e-01
-3.466599e-03
-1.811246e-01

(Intercept)
Count
WTD
AWS150
Hydro
Bio1
Bio4
Bio12
Bio15
SPEI1994
SPEI1999
SPI1994
SPI1999

-1.6239531843 -1.6414792381 -1.6499582092 -1.6621651784
0.0458111710 0.0458160415 0.0458151150 0.0458124999
0.0090702429 0.0091044546 0.0091237902 0.0091468439
0.0093581717 0.0093917560 0.0094074863 0.0094302434
0.0042398850 0.0042283241 0.0042306406 0.0042168107
0.0065161121 0.0065501759 0.0065681884 0.0065896190
0.0004180657 0.0004192276 0.0004197559 0.0004206061
0.0001300553 0.0001316273 0.0001321495 0.0001329061
0.0001221884 0.0001647933 0.0001928706 0.0002444731
-0.0645364254 -0.0662140505 -0.0663918372 -0.0666305440
0.1832553658 0.1853253900 0.1864388095 0.1879335419
-0.0011515556 .
.
.
-0.1839397054 -0.1857820253 -0.1867652901 -0.1880545867
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Appendix D: The percent of null deviance explained at different lambda values.
The two λ values are bolded below. λ 1se, 0.2227, is listed as number 39 while λ min, .0078, is
listed at number 75.

[1,]
[2,]
[3,]
[4,]
[5,]
[6,]
[7,]
[8,]
[9,]
[10,]
[11,]
[12,]
[13,]
[14,]
[15,]
[16,]
[17,]
[18,]
[19,]
[20,]
[21,]
[22,]
[23,]
[24,]
[25,]
[26,]
[27,]
[28,]
[29,]
[30,]
[31,]
[32,]
[33,]
[34,]
[35,]
[36,]
[37,]
[38,]
[39,]

Df
%Dev
Lambda
0 -2.812e-15 7.639000
1 7.985e-02 6.960000
1 1.483e-01 6.342000
2 2.221e-01 5.779000
2 2.916e-01 5.265000
2 3.513e-01 4.797000
2 4.025e-01 4.371000
2 4.464e-01 3.983000
2 4.839e-01 3.629000
2 5.159e-01 3.307000
2 5.432e-01 3.013000
2 5.664e-01 2.745000
2 5.861e-01 2.501000
2 6.029e-01 2.279000
2 6.170e-01 2.077000
2 6.290e-01 1.892000
2 6.391e-01 1.724000
2 6.476e-01 1.571000
2 6.548e-01 1.431000
2 6.609e-01 1.304000
3 6.662e-01 1.188000
3 6.706e-01 1.083000
3 6.744e-01 0.986600
3 6.775e-01 0.899000
3 6.801e-01 0.819100
3 6.823e-01 0.746300
4 6.844e-01 0.680000
4 6.865e-01 0.619600
4 6.883e-01 0.564600
4 6.897e-01 0.514400
4 6.909e-01 0.468700
4 6.919e-01 0.427100
4 6.927e-01 0.389100
4 6.934e-01 0.354600
4 6.940e-01 0.323100
5 6.945e-01 0.294400
6 6.950e-01 0.268200
6 6.955e-01 0.244400
6 6.959e-01 0.222700

[40,]
[41,]
[42,]
[43,]
[44,]
[45,]
[46,]
[47,]
[48,]
[49,]
[50,]
[51,]
[52,]
[53,]
[54,]
[55,]
[56,]
[57,]
[58,]
[59,]
[60,]
[61,]
[62,]
[63,]
[64,]
[65,]
[66,]
[67,]
[68,]
[69,]
[70,]
[71,]
[72,]
[73,]
[74,]
[75,]
[76,]
[77,]
[78,]
[79,]

100

Df
7
7
7
7
9
9
9
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
11
11
11
11
11
11
11
11
11
11
12
12
12
11
11
11

%Dev
6.966e-01
6.973e-01
6.979e-01
6.984e-01
6.993e-01
7.003e-01
7.012e-01
7.027e-01
7.041e-01
7.053e-01
7.063e-01
7.071e-01
7.078e-01
7.083e-01
7.088e-01
7.092e-01
7.095e-01
7.098e-01
7.100e-01
7.102e-01
7.103e-01
7.105e-01
7.106e-01
7.107e-01
7.107e-01
7.109e-01
7.110e-01
7.111e-01
7.112e-01
7.113e-01
7.114e-01
7.114e-01
7.115e-01
7.115e-01
7.115e-01
7.116e-01
7.116e-01
7.116e-01
7.116e-01
7.116e-01

Lambda
0.202900
0.184900
0.168400
0.153500
0.139800
0.127400
0.116100
0.105800
0.096390
0.087830
0.080030
0.072920
0.066440
0.060540
0.055160
0.050260
0.045790
0.041730
0.038020
0.034640
0.031560
0.028760
0.026200
0.023880
0.021760
0.019820
0.018060
0.016460
0.015000
0.013660
0.012450
0.011340
0.010340
0.009418
0.008581
0.007819
0.007124
0.006491
0.005914
0.005389

Appendix E: Variable Coefficients of LASSO model without the forested area variable
(Intercept)
WTD
AWS150
Hydro
Bio1
Bio4
Bio12
Bio15
SPEI1994
SPEI1999
SPI1994
SPI1999

3.186749
.
.
.
.
.
.
.
.
.
.
.

3.016410e+00
.
.
.
.
2.666829e-05
.
.
.
.
.
.

2.855446e+00
.
.
.
.
5.175653e-05
.
.
.
.
.
.

2.703618e+00
.
.
.
.
7.532485e-05
.
.
.
.
.
.

(Intercept)
WTD
AWS150
Hydro
Bio1
Bio4
Bio12
Bio15
SPEI1994
SPEI1999
SPI1994
SPI1999

2.3003394515
.
.
.
.
0.0001375033
.
.
.
.
.
.

2.1823552148
.
.
.
.
0.0001555849
.
.
.
.
.
.

(Intercept)
WTD
AWS150
Hydro
Bio1
Bio4
Bio12
Bio15
SPEI1994
SPEI1999
SPI1994
SPI1999

1.7842885080
.
.
.
.
0.0002162541
.
.
.
.
.
.

1.7014501654 1.6636096361 1.6462169697 1.6310814757
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
0.0002288176 0.0002360808 0.0002407953 0.0002450393
.
.
.
.
.
-0.0004155053 -0.0009838368 -0.0015207096
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.

2.0720743870
.
.
.
.
0.0001724437
.
.
.
.
.
.

2.560675e+00
.
.
.
.
9.743262e-05
.
.
.
.
.
.

1.9691680380
.
.
.
.
0.0001881394
.
.
.
.
.
.

2.426344788
.
.
.
.
0.000118139
.
.
.
.
.
.

1.8732988856
.
.
.
.
0.0002027315
.
.
.
.
.
.

(Intercept) 1.6168736270 1.6045000221 1.5927686001 1.5826355867 1.5734721796
WTD
.
.
.
.
.
AWS150
.
.
.
.
.
Hydro
.
.
.
.
.
Bio1
.
.
.
.
.
Bio4
0.0002489831 0.0002525329 0.0002558414 0.0002588078 0.0002615172
Bio12
.
.
.
.
.
Bio15
-0.0020168418 -0.0024833240 -0.0029120895 -0.0033145499 -0.0036876116
SPEI1994
.
.
.
.
.
SPEI1999
.
.
.
.
.
SPI1994
.
.
.
.
.
SPI1999
.
.
.
.
.
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(Intercept) 1.5645869109 1.556987982 1.548051e+00 1.5429162429 1.5391569260
WTD
.
.
.
0.0001506566 0.0004189099
AWS150
.
.
5.413904e-05 0.0007462182 0.0014616744
Hydro
.
.
.
.
.
Bio1
.
.
.
.
.
Bio4
0.0002640616 0.000266332 2.685241e-04 0.0002701070 0.0002711783
Bio12
.
.
.
.
.
Bio15
-0.0040275249 -0.004345883 -4.625095e-03 -0.0048512617 -0.0050331472
SPEI1994
.
.
.
.
.
SPEI1999
.
.
.
.
.
SPI1994
.
.
.
.
.
SPI1999
.
.
.
-0.0089351773 -0.0182541159
(Intercept) 1.5356991362 1.5318500819 1.5280991455 1.5251942354 1.5218941150
WTD
0.0006626901 0.0008836491 0.0010843619 0.0012670717 0.0014330210
AWS150
0.0021137135 0.0027090701 0.0032520581 0.0037456731 0.0041970261
Hydro
.
.
.
.
.
Bio1
.
.
.
.
.
Bio4
0.0002721656 0.0002731510 0.0002740816 0.0002748769 0.0002756776
Bio12
.
.
.
.
.
Bio15
-0.0052008598 -0.0053494787 -0.0054843367 -0.0056130067 -0.0057256281
SPEI1994
.
.
.
.
.
SPEI1999
.
.
.
.
.
SPI1994
.
.
.
.
.
SPI1999
-0.0267606333 -0.0345172223 -0.0415931533 -0.0480554850 -0.0539439633
(Intercept) 1.5210441021 1.5256082380 1.5287357254 1.5313397468 1.5342673869
WTD
0.0015870301 0.0017360396 0.0018715849 0.0019948449 0.0021074301
AWS150
0.0046117037 0.0049991415 0.0053549259 0.0056797508 0.0059749541
Hydro
0.0002256244 0.0009459257 0.0015937878 0.0021821239 0.0027237703
Bio1
.
.
.
.
.
Bio4
0.0002760196 0.0002753841 0.0002749245 0.0002745355 0.0002741157
Bio12
.
.
.
.
.
Bio15
-0.0058496614 -0.0060136334 -0.0061546163 -0.0062815064 -0.0064024882
SPEI1994
.
.
.
.
.
SPEI1999
.
.
.
.
.
SPI1994
.
.
.
.
.
SPI1999
-0.0592948542 -0.0641265863 -0.0685210408 -0.0725249448 -0.0761795394
(Intercept) 1.5175351556 1.489191868 1.4630736535 1.4391349815 1.3247970913
WTD
0.0023759192 0.002646365 0.0028916327 0.0031144678 0.0035746521
AWS150
0.0062750844 0.006563616 0.0068261596 0.0070653373 0.0073210043
Hydro
0.0031482719 0.003429284 0.0036830054 0.0039137122 0.0040741746
Bio1
.
.
.
.
0.0003083252
Bio4
0.0002736977 0.000274380 0.0002750349 0.0002756459 0.0002817052
Bio12
.
.
.
.
.
Bio15
-0.0059105928 -0.005253011 -0.0046521445 -0.0041042689 -0.0036728455
SPEI1994
.
.
.
.
.
SPEI1999
0.0348522826 0.074342928 0.1105043375 0.1435828823 0.1695330719
SPI1994
.
.
.
.
.
SPI1999
-0.1102464745 -0.148021169 -0.1825903874 -0.2141964109 -0.2388872491
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(Intercept) 1.037602e+00 7.566785e-01 5.055687e-01 2.761338e-01 6.677065e-02
WTD
4.406803e-03 5.191448e-03 5.844495e-03 6.439010e-03 6.978965e-03
AWS150
7.593240e-03 7.834739e-03 8.046849e-03 8.238870e-03 8.412271e-03
Hydro
4.060374e-03 4.060333e-03 4.176090e-03 4.281034e-03 4.375331e-03
Bio1
1.153485e-03 1.985415e-03 2.725334e-03 3.401876e-03 4.019226e-03
Bio4
2.981407e-04 3.140819e-04 3.287028e-04 3.420725e-04 3.542858e-04
Bio12
5.634457e-06 1.336971e-05 2.310372e-05 3.193671e-05 3.996763e-05
Bio15
-3.323308e-03 -3.065343e-03 -2.969788e-03 -2.884153e-03 -2.806010e-03
SPEI1994
.
.
.
.
.
SPEI1999
1.873183e-01 2.010280e-01 2.128355e-01 2.235550e-01 2.333428e-01
SPI1994
.
-5.418780e-05 -3.363377e-03 -6.378401e-03 -9.126267e-03
SPI1999
-2.556588e-01 -2.687923e-01 -2.797318e-01 -2.896728e-01 -2.987572e-01
(Intercept)
WTD
AWS150
Hydro
Bio1
Bio4
Bio12
Bio15
SPEI1994
SPEI1999
SPI1994
SPI1999

-1.242412e-01
7.469405e-03
8.568933e-03
4.460078e-03
4.582419e-03
3.654400e-04
4.727156e-05
-2.734578e-03
.
2.422829e-01
-1.163063e-02
-3.070609e-01

-2.984930e-01
7.914966e-03
8.710548e-03
4.536306e-03
5.096150e-03
3.756251e-04
5.391576e-05
-2.669287e-03
.
2.504471e-01
-1.391314e-02
-3.146489e-01

-4.574395e-01
8.319831e-03
8.838625e-03
4.604931e-03
5.564718e-03
3.849239e-04
5.996105e-05
-2.609627e-03
.
2.579012e-01
-1.599353e-02
-3.215813e-01

-6.024099e-01
8.687773e-03
8.954510e-03
4.666759e-03
5.992044e-03
3.934120e-04
6.546247e-05
-2.555128e-03
.
2.647056e-01
-1.788977e-02
-3.279130e-01

-7.346181e-01
9.022197e-03
9.059406e-03
4.722503e-03
6.381713e-03
4.011589e-04
7.046988e-05
-2.505359e-03
.
2.709158e-01
-1.961827e-02
-3.336947e-01

(Intercept)
WTD
AWS150
Hydro
Bio1
Bio4
Bio12
Bio15
SPEI1994
SPEI1999
SPI1994
SPI1999

-8.551728e-01
9.326180e-03
9.154390e-03
4.772794e-03
6.736995e-03
4.082281e-04
7.502847e-05
-2.459922e-03
.
2.765826e-01
-2.119397e-02
-3.389731e-01

-0.9650862171
0.0096025033
0.0092404245
0.0048181921
0.0070608770
0.0004146778
0.0000791792
-0.0024184504
.
0.2817527239
-0.0226304901
-0.3437909967

-1.066641e+00
9.857811e-03
9.319864e-03
4.857231e-03
7.359882e-03
4.206434e-04
8.295925e-05
-2.378046e-03
.
2.864781e-01
-2.392780e-02
-3.481896e-01

-1.158257e+00
1.008700e-02
9.390729e-03
4.894022e-03
7.629816e-03
4.260265e-04
8.640244e-05
-2.343410e-03
.
2.907708e-01
-2.512034e-02
-3.521924e-01

-1.241576e+00
1.029490e-02
9.454872e-03
4.927549e-03
7.875272e-03
4.309242e-04
8.953685e-05
-2.311947e-03
.
2.946906e-01
-2.620849e-02
-3.558492e-01

(Intercept)
WTD
AWS150
Hydro
Bio1
Bio4
Bio12
Bio15
SPEI1994
SPEI1999
SPI1994
SPI1999

-1.317462e+00
1.048378e-02
9.513012e-03
4.957901e-03
8.098775e-03
4.353875e-04
9.239234e-05
-2.283232e-03
.
2.982671e-01
-2.720094e-02
-3.591870e-01

-1.387874e+00
1.065964e-02
9.567229e-03
4.983838e-03
8.306038e-03
4.395308e-04
9.498739e-05
-2.254711e-03
.
3.015423e-01
-2.809282e-02
-3.622379e-01

-1.451168e+00
1.081655e-02
9.615284e-03
5.008339e-03
8.492396e-03
4.432582e-04
9.735954e-05
-2.230604e-03
.
3.045087e-01
-2.891651e-02
-3.650073e-01

-1.508630e+00
1.095871e-02
9.658778e-03
5.030862e-03
8.661568e-03
4.466428e-04
9.951893e-05
-2.208869e-03
.
3.072148e-01
-2.966878e-02
-3.675350e-01

-1.5621240739
0.0110919328
0.0096996374
0.0050500874
0.0088190384
0.0004497931
0.0001014764
-0.0021869797
.
0.3096997545
-0.0303418144
-0.3698503856
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(Intercept)
WTD
AWS150
Hydro
Bio1
Bio4
Bio12
Bio15
SPEI1994
SPEI1999
SPI1994
SPI1999

-1.6100456612
0.0112100669
0.0097356620
0.0050682078
0.0089600371
0.0004526194
0.0001032718
-0.0021686052
.
0.3119450603
-0.0309660810
-0.3719480174

-1.6534750621
0.0113169230
0.0097682464
0.0050850079
0.0090878202
0.0004551811
0.0001049059
-0.0021521739
.
0.3139911516
-0.0315367978
-0.3738607585

-1.6941109029
0.0114179834
0.0097991103
0.0050993401
0.0092074650
0.0004575751
0.0001063822
-0.0021354023
.
0.3158764811
-0.0320443855
-0.3756175710

-1.7303538606
0.0115068791
0.0098261894
0.0051127735
0.0093140011
0.0004597157
0.0001077418
-0.0021213756
.
0.3175739481
-0.0325177359
-0.3772042968

-1.7631204274
0.0115870839
0.0098506431
0.0051253691
0.0094103296
0.0004616510
0.0001089792
-0.0021089924
.
0.3191179323
-0.0329512030
-0.3786488093

(Intercept)
WTD
AWS150
Hydro
Bio1
Bio4
Bio12
Bio15
SPEI1994
SPEI1999
SPI1994
SPI1999

-1.7939870756
0.0116638335
0.0098739791
0.0051361206
0.0095012579
0.0004634695
0.0001100924
-0.0020962011
.
0.3205481505
-0.0333338598
-0.3799814998

-1.8213541560
0.0117306643
0.0098944065
0.0051461326
0.0095816033
0.0004650882
0.0001111219
-0.0020854842
.
0.3218290257
-0.0336929810
-0.3811793988

-1.8460067842
0.0117906881
0.0099127884
0.0051556472
0.0096539902
0.0004665466
0.0001120592
-0.0020762019
.
0.3229904967
-0.0340228162
-0.3822670425

-1.8694425354
0.0118489809
0.0099304023
0.0051637663
0.0097230899
0.0004679268
0.0001128989
-0.0020665355
.
0.3240754039
-0.0343113971
-0.3832779939

-1.8900514365
0.0118991331
0.0099458875
0.0051713220
0.0097835005
0.0004691475
0.0001136776
-0.0020583647
.
0.3250388209
-0.0345840782
-0.3841794346

(Intercept)
WTD
AWS150
Hydro
Bio1
Bio4
Bio12
Bio15
SPEI1994
SPEI1999
SPI1994
SPI1999

-1.9096391672
0.0119478326
0.0099605294
0.0051778764
0.0098412629
0.0004703015
0.0001143751
-0.0020502228
.
0.3259402107
-0.0348228824
-0.3850191507

-1.9267279242
0.0119893587
0.0099734488
0.0051841263
0.0098913099
0.0004713146
0.0001150214
-0.0020433998
.
0.3267350070
-0.0350496181
-0.3857629649

-1.9419424829
0.0120260360
0.0099849332
0.0051902244
0.0099358428
0.0004722175
0.0001156116
-0.0020377684
.
0.3274491507
-0.0352599324
-0.3864331325

-1.9566931322
0.0120626366
0.0099957848
0.0051953527
0.0099794192
0.0004730858
0.0001161390
-0.0020319408
.
0.3281319044
-0.0354414231
-0.3870699280
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Appendix F: The percent of null deviance explained at different lambda values without the
forested area variable.
The two λ values are bolded below. λ 1se, 0.222, is listed as number 39 while λ min, .0198, is
listed at number 65.
[1,]
[2,]
[3,]
[4,]
[5,]
[6,]
[7,]
[8,]
[9,]
[10,]
[11,]
[12,]
[13,]
[14,]
[15,]
[16,]
[17,]
[18,]
[19,]
[20,]
[21,]
[22,]
[23,]
[24,]
[25,]
[26,]
[27,]
[28,]
[29,]
[30,]
[31,]
[32,]
[33,]
[34,]
[35,]
[36,]
[37,]
[38,]

Df
%Dev
Lambda
0 -2.812e-15 7.639000
1 7.985e-02 6.960000
1 1.483e-01 6.342000
1 2.069e-01 5.779000
1 2.570e-01 5.265000
1 2.997e-01 4.797000
1 3.361e-01 4.371000
1 3.671e-01 3.983000
1 3.934e-01 3.629000
1 4.158e-01 3.307000
1 4.347e-01 3.013000
1 4.506e-01 2.745000
1 4.642e-01 2.501000
2 4.761e-01 2.279000
2 4.864e-01 2.077000
2 4.951e-01 1.892000
2 5.024e-01 1.724000
2 5.086e-01 1.571000
2 5.138e-01 1.431000
2 5.181e-01 1.304000
2 5.218e-01 1.188000
2 5.249e-01 1.083000
2 5.274e-01 0.986600
3 5.296e-01 0.899000
5 5.335e-01 0.819100
5 5.371e-01 0.746300
5 5.400e-01 0.680000
5 5.425e-01 0.619600
5 5.446e-01 0.564600
5 5.463e-01 0.514400
5 5.477e-01 0.468700
6 5.489e-01 0.427100
6 5.500e-01 0.389100
6 5.510e-01 0.354600
6 5.518e-01 0.323100
6 5.524e-01 0.294400
7 5.554e-01 0.268200
7 5.584e-01 0.244400

[39,]
[40,]
[41,]
[42,]
[43,]
[44,]
[45,]
[46,]
[47,]
[48,]
[49,]
[50,]
[51,]
[52,]
[53,]
[54,]
[55,]
[56,]
[57,]
[58,]
[59,]
[60,]
[61,]
[62,]
[63,]
[64,]
[65,]
[66,]
[67,]
[68,]
[69,]
[70,]
[71,]
[72,]
[73,]
[74,]
[75,]
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Df
7
7
8
9
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10
10

%Dev
5.609e-01
5.630e-01
5.657e-01
5.695e-01
5.728e-01
5.757e-01
5.781e-01
5.802e-01
5.818e-01
5.832e-01
5.844e-01
5.854e-01
5.862e-01
5.868e-01
5.874e-01
5.878e-01
5.882e-01
5.886e-01
5.888e-01
5.890e-01
5.892e-01
5.894e-01
5.895e-01
5.896e-01
5.897e-01
5.898e-01
5.898e-01
5.899e-01
5.899e-01
5.900e-01
5.900e-01
5.900e-01
5.900e-01
5.900e-01
5.901e-01
5.901e-01
5.901e-01

Lambda
0.222700
0.202900
0.184900
0.168400
0.153500
0.139800
0.127400
0.116100
0.105800
0.096390
0.087830
0.080030
0.072920
0.066440
0.060540
0.055160
0.050260
0.045790
0.041730
0.038020
0.034640
0.031560
0.028760
0.026200
0.023880
0.021760
0.019820
0.018060
0.016460
0.015000
0.013660
0.012450
0.011340
0.010340
0.009418
0.008581
0.007819

Appendix G: Table of the model’s selected variables at two lambda values when forested
variable is not included.

Depth to Water Table
Available Water Storage
Hydrologic Group
Mean Temperature
Temperature Seasonality
Mean Precipitation
Precipitation Seasonality
SPEI 1994-1999
SPEI 1999-2004
SPI 1994-1999
SPI 1999-2004

Lambda
Minimum
0.01982304

Lambda
1 standard error
0.222677

0.0115068791
0.0098261894
0.0051127735
0.0093140011
0.0004597157
0.0001077418
-0.0021213756
.
0.3175739481
-0.0325177359
-0.3772042968

0.0028916327
0.0068261596
0.0036830054
.
0.0002750349
.
-0.0046521445
.
0.1105043375
.
-0.1825903874
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Appendix H: Comparison of the ranks of influence of variables on observed species richness
where forested area is included and omitted. The ranking is based on the order of exclusions in
the LASSO algorithm. A rank of 12 corresponds to the variables with the least influence and was
the first excluded from the LASSO while a rank of 1 corresponds to the variable with the most
influence and was the last to be excluded.
Rank of Influence

Forested Area Included

Forested Area Omitted

1
2
3
4
5
6
7
8
9
10
11
12

Temperature Seasonality
Forested Area
Depth to Water Table
Available Water Storage
Hydrologic Group
SPI 1999-2004
SPI 1994-1999
Annual Precipitation
SPEI 1999-2004
Mean Temperature
SPEI 1994-1999
Precipitation Seasonality

Temperature Seasonality
Precipitation Seasonality
Available Water Storage
Depth to Water Table
SPI 1999-2004
Hydrologic Group
SPEI 1999-2004
Mean Temperature
Annual Precipitation
SPI 1994-1999
SPEI 1994-1999
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